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Abstract 
Video streaming is expected to acquire a massive share of the global internet traffic in the near 
future. Meanwhile, it is expected that most of the global traffic will be carried over wireless 
networks. This trend translates into considerable challenges for Service Providers (SP) in terms of 
maintaining consumers‟ Quality of Experience (QoE), energy consumption, utilisation of wireless 
resources, and profitability. However, the majority of Radio Resource Allocation (RRA) 
algorithms only consider enhancing Quality of Service (QoS) and network parameters. Since this 
approach may end up with unsatisfied customers in the future, it is essential to develop innovative 
RRA algorithms that adopt a user-centric approach based on users‟ QoE. 
This research thesis contributes to three areas relevant to video communication systems. Firstly, a 
novel QoE-aware RRA scheme is designed. In the context of video transmission over a multiuser 
Orthogonal Frequency-Division Multiplexing (OFDM) network, the scheme considers a joint 
optimisation of users‟ QoE, energy efficiency, and SP‟s Quality of Business (QoB). Based on the 
evolutionary genetic algorithm (GA), the RRA scheme addresses the multi-objective optimization 
problem of maximising average video quality, minimising total energy, and maximising utility 
value. In contrast to comparable methods, the algorithm has improved energy efficiency by up to 
22.3% at the expense of up to 5.6% reduction in quality. Secondly, for the practicality concern of 
the RRA scheme, a QoE prediction system is modelled to facilitate instantaneous estimation of 
QoE. Hence, based on Fuzzy Inference Systems (FIS), a No-Reference (NR) prediction model for 
video quality in the wireless domain is designed. The model has achieved a prediction accuracy of 
0.199 RMSE, with a correlation factor of 0.94 between the measured and the predicted QoE, 
which outperforms comparable models. Thirdly, a QoE-driven efficient resource utilisation study 
is conducted for video delivery over WiMAX. The study has shown that significant bandwidth 
and power efficiency can be achieved when Modulation and Coding Scheme (MCS) selection is 
based on QoE. 
This research thesis emphasises the fundamental and crucial importance of adopting users‟ QoE 
as a parameter in the RRA process for future multimedia communications. Moreover, it is 
expected that this approach would help limit the carbon footprint of wireless communications, 
while guaranteeing consumers‟ QoE. 
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Chapter 1 
1 Introduction 
1.1 Preamble 
Following the recent technological advancements, diverse multimedia communications have 
brought a huge volume of multimedia content to consumers. This has been developed in parallel 
with heterogeneous communication technologies, such as wired and wireless access networks, to 
empower the delivery of a huge collection of multimedia content to customers. However, the 
increasingly accelerated demand on multimedia content over mobile devices has created an 
intensified pressure on wireless communication systems. This pressure has added an extra burden 
on the already congested networks, and has increased energy consumption by the various devices 
in the communication system. Therefore, the issue of efficient Radio Resource Allocation (eRRA) 
has become more than ever a pressing issue for networks in general, and for wireless access 
networks in particular. 
The purpose of eRRA is to satisfy Quality of Service (QoS) requirements for different user 
applications, and maximise the efficiency and reliability of radio resources [1]. Basically, eRRA 
should consider the varying channel state due to channel fading and interference, and should be 
dynamically adjusted to meet the QoS requirements and improve throughput and spectrum 
efficiency. In a multiuser system, eRRA focuses on two important issues: the allocation of sub-
channels to users, and the power level (power allocation) on these sub-channels. An enabling 
technology for such eRRA is Orthogonal Frequency-Division Multiplexing (OFDM). OFDM 
features several characteristics that lay the foundations for eRRA algorithms to be practically 
effective. 
OFDM is a well-established and renowned technique in wireless communications due to its 
support for adaptive multiuser transmission at high data rates. Therefore, OFDM has been adopted 
in several digital transmission systems such as IEEE 802.11a/g Wireless Local Area Network 
(WLAN), IEEE 802.16 Worldwide Interoperability for Microwave Access (WiMAX), and Long 
Term Evolution (LTE). In OFDM, a high-rate data stream is split into a number of lower rate 
streams transmitted simultaneously over a number of subcarriers. So an individual data element 
normally occupies only a small part of the available bandwidth since the coherent channel 
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bandwidth is divided into many narrow sub-bands. Orthogonality allows the transmission of 
multiple sub-streams over a common channel and the receiving of these sub-streams perfectly 
without interference [2]. OFDM offers several key advantages to satisfy the requirements of 
eRRA [1], [3]. The most important advantage for eRRA is the flexibility in resource allocation 
interpreted in the ability to dynamically assign certain subcarriers to certain users according to the 
channel conditions in a multiuser environment. Therefore, OFDM exemplifies a significantly 
useful and effective technique in wireless communications. 
A number of research efforts have been made to enhance the efficiency of wireless networks 
through the development of various Radio Resource Management (RRM) algorithms. The 
majority of these efforts have focused on the two primary resources in communication systems: 
transmitted power and channel bandwidth [4]. The objective of several studies has been to 
minimise the power allocation by utilising the aforementioned features in OFDM. Many others 
have proposed resource allocation algorithms that consider the user bitrate utilisation to enhance 
the throughput of a congested system, and some of which also targeted user fairness in multiuser 
transmissions. However, very few of these studies, and only recently, have adopted a user-centric 
paradigm represented by users‟ Quality of Experience (QoE) in the resource allocation process. 
Moreover, none of the previous studies considered the Service Provider‟s (SP) business 
dimension which is denoted by the Quality of Business (QoB). 
1.2 Problem Statement 
According to a recent research study by Cisco [5], 61% of the global internet traffic will be 
carried over wireless and mobile devices by the year 2018. In line with this, video is expected to 
dominate up to 90% of the global internet traffic by then. Moreover, in 2014, video was found to 
acquire 66% of the mobile data traffic [6]. With respect to energy, it was reported that 70%-80% 
of mobile operators‟ energy consumption and CO2 emissions are due to Radio Access Networks‟ 
(RANs) consumption of power [7]–[9]. With the transmission of high quality video content, this 
figure would proportionally boost. Furthermore, on a global scale it was estimated that mobile 
communications infrastructures consume 0.2% of worldwide energy [10]. Essentially, the 
foregoing trends motivate the development of novel RRM algorithms that substantially consider 
the power consumption of wireless access networks for resource-hungry applications such as 
video. Nevertheless, the majority of RRM algorithms relied on network and QoS parameters 
solely, and oversaw users‟ QoE. Indeed, from a user-centric approach, QoE should be the driving 
element for RRM in the wireless video service, since QoS-based RRM may be pointless if user 
satisfaction is not achieved. Moreover, QoE-aware RRM may be even more efficient as opposed 
to QoS-based RRM. It is believed that an accurate evaluation of the end-to-end video quality 
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(QoE) is one of the most critical aspects in designing efficient resource allocation algorithms [11]. 
Hence, the development of “perceptually motivated” algorithms is an area of significant 
importance [11]. Such algorithms can be designed to more effectively allocate limited resources 
by the adaptation of network parameters according to the perceived video quality [11]. 
Fortunately, research in QoE assessment techniques has achieved remarkable steps towards the 
valuation of customer experience. However, the quantified QoE remains in the hopes of 
improving users‟ experience, and is not reflected on customer charging. Apparently, there is a gap 
between customer satisfaction and charging. Hence, to bridge this gap Quality of Business (QoB) 
is introduced. In research, differentiated charging based on QoS parameters [12]–[16] and service 
level agreements [17] have been some of the interpretations of QoB, but with no direct association 
with QoE. To the author‟s best of knowledge, users‟ QoE has not been the centre of focus in a 
RRM algorithm that considers energy and QoB in the context of multiuser video transmissions. 
1.3 Research Objectives 
The aim of this research study is to model radio resource allocation for wireless networks from a 
QoE point of view. This aim considers users‟ perception of the delivered video, transmission 
energy, and chargeable utility in a multiuser environment. A systematic approach is adopted to 
achieve this aim by following a quality-based paradigm. Hence, the work in this thesis is based on 
the triple-Q framework of QoS, QoE, and QoB [18], [19]. 
In the multimedia services delivery chain, focus is lodged on three main elements: the Service 
Provider (SP), the network and the end-user. For an effective functioning of the chain, each 
element demands a sufficient level of quality. Accordingly, a triple-Q model [18], [19] was 
proposed to combine network‟s Quality of Service (QoS), customer‟s Quality of Experience 
(QoE) and service provider‟s Quality of Business (QoB). The aim is to optimise the model such 
that QoE and QoB are maximised given QoS. Based on this high level framework, the resource 
allocation algorithm in this thesis is designed to address the mapping of QoS, QoE, and QoB 
jointly and instantaneously in order to achieve an end-to-end global optimisation for the 
multimedia distribution chain. This entails the following objectives to be fulfilled in this thesis: 
i. To design a radio resource allocation model for OFDM multiuser video transmission that 
considers the following key elements in the resource allocation algorithm: maximum users‟ 
QoE, minimum transmission power, maximum service utility, varying channel conditions 
per user, and fair distribution of quality and power among users. In addition, the measured 
QoE in the model is to consider the characteristics of different video contents. 
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ii. To model the QoS/QoE relationship in wireless video streaming. This objective is a 
preceding requirement for the next objective which integrates the QoS/QoE relation in a 
prediction system. For this purpose, key QoS factors that affect end-to-end QoE need to be 
identified from the application and the physical layers. Also, different classes of video 
based on temporal activity are to be tested. The developed dataset out of this experiment is 
to be validated through statistical analysis and subjective testing. 
iii. To design a QoE prediction model for wireless video streaming. This model is a 
fundamental requirement for the QoE-aware resource allocation algorithm (objective i), 
which makes the presented resource allocation practically feasible. The model is to be 
based on machine learning and to use the constructed dataset in objective ii to learn the 
QoS/QoE relationship. The purpose of this QoE prediction model is to facilitate the 
estimation of achievable QoE for the service provider at transmission time. 
iv. To demonstrate the feasibility of using QoE as the basis for identifying modulation and 
coding (MCS) regions in dynamic adaptive modulation and coding (AMC) over QoS-based 
techniques. For this objective, a study is to be conducted for a WiMAX video transmission 
with the aim to identify Signal-to-Noise Ratio (SNR) thresholds at which users are 
transitioned between operative AMC regions. The thresholds obtained based on QoE are to 
be compared with those obtained by a traditional QoS-based method. Conclusions are to be 
drawn with respect to the power and bandwidth utilisation in the two methods. 
1.4 Scope of the Study 
Based on the triple-Q framework, this research study has considered QoE-aware resource 
allocation in OFDM wireless networks, and QoE prediction of wireless video streaming, and 
QoE-based user transition in AMC. The scope of each is summarised in Figure  1-1. This identifies 
key elements that are considered or disregarded in the studied areas. Out of scope elements are 
denoted by  and listed adjacent to the relevant area of study. Elements that were not considered 
in the whole thesis are listed separately in the bottom-right of Figure  1-1. 
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Figure ‎1-1: Research scope of the areas studied in the thesis 
1.5 Research Methodology 
This research study has considered the triple-Q model, described in the research objectives 
(section  1.3), as a high level framework upon which the objectives for the resource allocation 
scheme are identified. Based on this framework, the resource allocation scheme associates a direct 
link between QoE and QoB as a differentiated charging option, such that a user is charged 
depending on the level of quality perceived. 
The approach followed in this research starts by studying and reviewing the state-of-the-art 
resource allocation algorithms in wireless communications. The literature review has shown that 
the research efforts did not consider user‟s QoE literally in the resource allocation algorithms. 
Therefore, the main contribution in this research is a resource allocation scheme that allocates 
wireless network resources (controllable QoS) to the users based on a decision made by the 
scheme in light of users‟ perceived QoE and a derived QoB utility function. Hence, a joint 
optimization of energy and quality requirements in a multiuser Orthogonal Frequency-Division 
Multiplexing (OFDM) environment is presented. A Multi-Objective Optimization Problem 
Resource Allocation
 Circuit power or receiving
device power
 Transmission over a period of time
 Channel bandwidth efficiency
(minimisation in subcarrier usage)
 Any cost (except cost of power)
 Any profit (except price of quality)
 Multi OFDM cells
 Forward Error Correction (FEC)
 Rate adaptive bit loading algorithm
 Scheduling in RRM
 Video service
 H.264/AVC video coding
 VQM-based perceptual video QoE.
Out of scope
in all contributions:
 H.264/SVC scalable video
coding
 HEVC (H.265)
 Error resilience/concealment
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 Any QoE aspects other than
visual perception.
QoE Prediction
QoE-based Transition in AMC
 Infer QoS levels to achieve
a targeted QoE
 Temporal resolution as
a QoS parameter
 Forward Error Correction
(FEC)
 Offline video download
 Wired transmission
 Transmit power
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 Single point in transmission time
(radio frame)
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 Margin adaptive bit loading algorithm
 Cost of power and price of quality
 Resource Allocation
 Transmit power amount
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 Predict QoE given QoS
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streaming
 Fuzzy Inference Systems
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 Single user
 Efficient resource utilisation
 Received power in terms of SNR
 User bandwidth (bitrate)
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(MOOP) is formulated with the aim to identify bitrate and subcarrier allocations among users 
such that the total transmit energy is minimized, and the average quality is maximized. For this, a 
content-aware and energy-efficient resource allocation scheme is proposed based on the genetic 
and greedy algorithms. The proposed scheme considers channel conditions for a Rayleigh fading 
channel. Wireless errors are generated using Gilbert-Elliot Model. The simulated video sequences 
are coded with the H.264/AVC standard. User‟s QoE is measured using the VQM video quality 
model, a well-established video quality metric standardised by the National Telecommunications 
& Information Administration (NTIA). The rate-distortion relationships over the simulated video 
transmission are modelled by approximating the obtained QoE measurements with the bitrate 
requirement in different network conditions. The proposed scheme is tested in three transmission 
modes: unicast, broadcast, and multicast. 
The second contribution in this thesis is a requirement to facilitate instantaneous optimisation for 
the main contribution. It is a practicality requirement that for a given set of QoS conditions the 
corresponding QoE can be predicted in advance. Therefore, a cross-layer No-Reference (NR) 
prediction model for the perceptual quality of video in the wireless domain is proposed. For this 
purpose, two studies are conducted. First, the impact of QoS parameters from both encoding and 
network levels on QoE is investigated. Second, a prediction model based on Fuzzy logic Inference 
Systems (FIS) is developed by mapping the chosen QoS parameters to the measured QoE. Video 
sequences of different spatial and temporal features are selected to accommodate different content 
types in the proposed model. In addition, two forms of video, 2D and 3D, are tested. Packet loss is 
yet modelled using Gilbert-Elliot method. Also, User‟s QoE is measured using the NTIA 
objective Video Quality Model (VQM). Subjective quality assessment is conducted to validate the 
objective measurements. Moreover, thorough statistical analysis is applied to the constructed 
dataset using Analysis of Variance (ANOVA) technique. This is to statistically back the dataset 
and observe the impact of each QoS parameter on QoE. The proposed prediction model is then 
evaluated in contrast to Random Neural Networks (RNN) and linear regression. 
In the third contribution of the thesis, the objective is to apply the QoE-aware resource allocation 
concept in a specific access network. Hence, WiMAX is selected to study the usability of video 
quality as the basis for identifying MCS regions in AMC. SNR thresholds bounding these regions 
are identified in a simulation of a single user video over WiMAX. Two video sequences are tested 
and the results are evaluated against a traditional method that identifies SNR thresholds at a 
reference value of bit-error-rate of 10
-6
. 
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1.6 Research Contributions 
The purpose of a theoretical contribution is to contribute a change in the practice in a particular 
area of science, or to challenge and extend existing knowledge [20]. The main contributions of 
this thesis are summarised as follows: 
i. Design of a QoE-aware resource allocation scheme for OFDM multiuser video 
transmission. The scheme maintains the perceptual video quality (QoE), the transmission 
energy, and the utility value. Based on the evolutionary genetic algorithm (GA), the scheme 
also achieves user fairness in terms of bitrate, quality, and power allocation. This is a 
contribution in methodology, and the novelty is endorsed mainly by shifting RRM to a 
QoE-centric paradigm. The objectives and important aspects in this contribution are 
summarised in Figure  1-2. 
ii. Modelling the impact of key selected QoS conditions on end-to-end QoE in wireless video 
streaming. The interactive effects of different combinations of these QoS parameters on 
QoE are also investigated. The constructed QoS/QoE mapping is considered a contribution 
in knowledge. To the best of the author‟s knowledge, the combination of tested QoS values 
have not been tested in other works. 
iii. Design of a QoE prediction model based on Fuzzy Inference Systems (FIS) for wireless 
video streaming. The FIS model learns from the constructed dataset in contribution (ii) 
above to estimate QoE for a given set of QoS conditions. This is a contribution in 
methodology for QoS/QoE correlation studies. The objectives and important aspects in this 
contribution are summarised in Figure  1-3. 
iv. Proposal of a QoE-based method to identify the bounds of MCS regions in AMC for 
WiMAX networks. The method identifies SNR thresholds (bounds) at a good-to-excellent 
QoE level. This is a contribution in methodology and knowledge. The proposed method has 
not been used in the context of MCS thresholds for AMC, to the author‟s best of 
knowledge. Also, the method shows more efficient power and bandwidth utilisation for 
WiMAX in contrast with a typical bit-error-rate method. The objectives and important 
aspects in this study are summarised in Figure  1-4. 
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Figure ‎1-2: Summary of contribution 1 – QoE-Aware Resource Allocation for a multiuser video 
transmission 
 
Figure ‎1-3: Summary of contributions 2 and 3 – QoE Prediction for Wireless Video 
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Figure ‎1-4: Summary of contribution 4 – QoE-Driven Efficient Resource Utilisation 
1.7 Thesis Structure 
The thesis is structured as follows: 
Chapter  2 provides an overview of the triple-Q framework and the elements in the video 
communications system. It also briefs the radio resource management approaches and 
transmission modes in wireless networks. The literature review of related work is covered in the 
later sections. 
Chapter  3 introduces the QoE-aware resource allocation scheme. The system model is presented 
and the problem is developed mathematically. It also presents the genetic and greedy algorithms 
and their use in power allocation and in the proposed scheme. The quality modelling and the QoE 
metric are also explained. Simulation results are then presented and followed by performance 
evaluations of the scheme in three transmission modes. 
Chapter  4 presents the QoE prediction model. It starts by explaining the simulation setup and the 
chosen QoS parameters. It also describes the objective and subjective QoE assessments used, and 
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the statistical analysis conducted on the gathered dataset. Later, FIS is introduced and its 
application with the constructed dataset is presented. Finally, the chapter demonstrates the 
validation and performance evaluation of the proposed prediction model. 
Chapter  5 presents the QoE-based proposal for identifying the bounds of MCS regions in AMC 
for WiMAX networks. It explains the achievable gain in power and bandwidth as a result of using 
the proposed approach. 
Finally, Chapter  6 exhibits the conclusions and future directions for further research. 
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Chapter 2 
2 Background‎and‎Literature‎Review 
The research focus in this thesis is on wireless video communication systems that are inspired by 
the Quality of Experience (QoE) perceived by end users. This chapter presents a background to 
introduce the reader to this area, followed by a review of the related up-to-date literature. In the 
background, the elements of the triple-Q framework are first introduced. Then communication 
systems are demonstrated in the context of wireless video communications. 
2.1 The Triple-Q Model 
The roots of “quality” have been discussed in [21] where different but mutually related definitions 
have been suggested. Quality has been defined as “excellence”, “value”, “conformance to 
specifications”, and “meeting and/or exceeding customers' expectations”. In the context of 
multimedia communications, quality is attached to the three main elements shown in Figure  2-1: 
the network, the end-user, and the Service Provider (SP). Accordingly, a triple-Q model [18], [19] 
has been proposed to combine network‟s Quality of Service (QoS), customer‟s Quality of 
Experience (QoE) and service provider‟s Quality of Business (QoB). The objective is to increase 
each quality until an overall optimality is achieved. Recently, the triple-Q model has grabbed even 
more attention by researchers. For instance, an extended  multidimensional approach for this 
model has been proposed in [22]. 
 
Figure ‎2-1: The main three players in the multimedia delivery chain 
Network
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The vast majority of research efforts have focused on exploring the interaction between QoS and 
QoE and have overlooked the service provider‟s interest, until QoB was put into context in the 
triple-Q model. In a typical multimedia communications scenario [23], as illustrated in Figure  2-2, 
emphasis is put on the stages where QoS and QoE are considered. In this model, the content 
passes through several stages over the “data plane” before it is delivered to and consumed by the 
end-user. Firstly, the audio-visual content is created by the content provider and subsequently 
passed to the application provider where it is encoded and may be stored. In the third stage, the 
encoded stream is transported over the network provider‟s core IP network. This is a controlled 
network such that QoS parameters can be controlled and guaranteed. Fourthly, the content is 
transported to the access network, which is another QoS control facility, after which the content is 
delivered to the Consumer Premise Equipment (CPE) for end-user consumption. This final stage 
is where user‟s QoE can be measured. On a reverse path, measured QoE parameters are conveyed 
back to the application provider over the “control plane”. Accordingly, the application provider 
advises the network provider to set appropriate QoS conditions. This model is said to be an 
adequate model to help SPs accommodate multimedia services at controllable levels of QoE [23]. 
However, the model focuses on the importance of user satisfaction trusting it will result in better 
customer loyalty, which is believed to generate more profit for SPs, but there is no direct link 
between profit and customer satisfaction. Instead, it is an indirect link emerged as a result of 
customer loyalty. Consequently, there is a gap between customer satisfaction (QoE) and business 
revenue (QoB). Therefore, QoB was introduced as a significant element in formulating the triple-
Q model. 
 
Figure ‎2-2: Typical multimedia communications scenario 
Figure  2-3 illustrates the QoS/QoE/QoB interactions within the triple-Q model. This model 
suggests that QoB is influenced by the user‟s experience of the service. The service flows from 
the SP to the customer at an appropriately configured level of QoS. The service is then consumed 
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by the customer at a certain level of QoE. Consequently, revenue flows from the customer to the 
SP. QoB consists of the revenue along with the cost of delivering the service. 
 
Figure ‎2-3: The Triple-Q model 
By introducing QoB to the typical scenario in Figure  2-2, a new multimedia communications 
scenario is produced as shown in Figure  2-4. In this new model, QoB aims at providing the 
functionality for new charging and resource allocation decision engine. QoB receives measured 
QoE indicators from the usage environment, and signals the optimised decisions of resource 
allocation to the network provider. 
 
Figure ‎2-4: QoB-driven Multimedia communications scenario 
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A detailed overview on Quality of Service (QoS), Quality of Experience (QoE), and Quality of 
Business (QoB) is presented in the following sections. 
2.1.1 Quality of Service (QoS) 
QoS is a dominant network term that describes the service provider‟s ability to guarantee a certain 
level of consistent performance to a data flow, by means of monitoring and controlling the 
network [24]. QoS control can be implemented by different techniques, aiming at maintaining a 
guaranteed transfer of data packets at an expected bit-rate, in the correct sequence and within 
acceptable delay window. QoS control also includes both the storage and transport of the medium 
over controlled networks. 
The need for QoS comes from the fact that demand on traffic-intensive multimedia applications is 
increasing at a rate that cannot be met by the limited network bandwidth. This is in addition to 
applications‟ sensitivity to delay, jitter and information loss. The study of QoS requirements 
should consider each multimedia application individually. Hence, multimedia applications were 
classified in four categories based on their sensitivity [25]: interactive, responsive, timely, and 
non-critical. The interactive category is considered highly sensitive to QoS. Also, the traffic in 
this category is inelastic and intolerable to delay, and demands data transfer on guaranteed basis. 
Therefore, it requires a particular lower bound on throughput and upper bounds on delay and jitter 
for each service. Examples of such services include real-time voice, interactive gaming, video 
telephony, and real-time video. The rest of the categories are considered not QoS-sensitive. Also, 
the traffic in these categories is elastic and tolerates data transfer on best-effort basis. For 
example, SMS messaging, Web browsing, and audio streaming can accommodate delay to some 
extent. There are also four inter-related viewpoints by which QoS can be seen [24], as presented 
in Figure  2-5. Identification of these viewpoints is needed for differentiated charging where a 
customer is charged based on the level of quality perceived. 
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Figure ‎2-5: The four viewpoints of QoS 
2.1.1.1 QoS Levels 
QoS may be considered at three different levels in a wireless network: the transaction level, the 
connection level, and the packet level [26]. 
 Transaction-level QoS is represented by the probability of transaction completion and the 
response time.  
 Connection-level QoS is represented by connection establishment probabilities. Two 
measures are used for this purpose: connection blocking probability and connection 
dropping probability. 
 Packet-level QoS (also called application-level QoS) is expressed by delay, jitter, packet 
loss rate, and throughput. These parameters are mostly affected by the network resources in 
packet-switched networks, and they usually influence the quality perceived by end-users. 
2.1.1.2 Packet-level QoS parameters 
Many of the impairments affecting video transmission are IP transmission-related. The 
transmission QoS parameters causing these impairments are traditionally known as [27]: 
 Packet loss: the percentage of packets that are not received in the destination. Attenuation 
in the transmitted radio signal in wireless networks may result in bit errors which lead to 
the whole packet being dropped. Packet loss is known to be one of the most influencing 
factors on the received quality for IP-based voice and video services. 
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 Delay (latency): the time a packet takes from source to destination. Delay can be caused by 
packets queuing or by the time consumed for processing, propagation, or transmission of a 
packet. Excessive delay may lead to packet loss, because the receiver may decide to drop a 
late packet. In video streaming, delay could lead to impairments such as freezed or distorted 
video frames. A common practice to alleviate the effects of delay is packet buffering, so 
packets are buffered in the receiving device ahead of the time they are displayed. 
 Jitter: the variation in delay from packet to packet, i.e., the variation of delay over time. 
Jitter can be caused by network congestion, but it can also be alleviated by a jitter buffer or 
by control of bandwidth allocation. 
 Bandwidth: the data rate supported by the transmission medium. In a congested network, 
low data rate may lead to delay or jitter as well, ending up with lost packets. 
Despite the significance of QoS control, it is a network-centric approach whose main focus is 
limited to network performance. Hence, excellent QoS is meaningless if the user is unsatisfied. 
Therefore, QoE is introduced to capitalise on QoS with the aim to assess and improve customer 
experience. 
2.1.2 Quality of Experience (QoE) 
QoE is a user-centric approach, which explores user‟s perception and satisfaction about the 
quality and usability of a particular service [28]. It is also known as the overall acceptability of an 
application or service, as perceived subjectively by the end-user [29], [30]. Recently, QoE has 
attracted considerable attention from researchers and standardization bodies such as ITU, 
Broadband Forum (DSL Forum) and TM Forum. This is due to the momentous benefits attached 
to QoE, from customer loyalty and increased revenue, to maintained competitiveness and 
reputation. Therefore, researchers‟ aim has always been to improve QoE through the design and 
development of appropriate measurement techniques for multimedia services. 
Typically QoE is a user aspect that is conceptually measured at the user end. In a communication 
system, the media service travels across the layers depicted in Figure  2-6. End-to-end QoE shall 
consider the impairments introduced across these layers. From the service provider‟s point of 
view, only the three higher layers are considered to improve QoE through QoS control. 
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Figure ‎2-6: Layers travelled by the media in communication systems 
2.1.2.1 QoE Dimensions 
QoE dimensions are those different high level components which altogether comprise the overall 
QoE. For multimedia services, a summarised high-level collection of the dimensions [28], [31], 
[32] is depicted in Figure  2-7. To measure overall QoE, one metric needs to be employed in each 
of these dimensions, and the combined suite of metrics constitutes a global QoE measure that is 
believed to represent the overall value experienced by the customer. However, the majority of 
QoE assessment techniques in multimedia communications research have adopted the Service 
Quality dimension with a focus on the Fidelity of the content. 
 
Figure ‎2-7: QoE dimensions for multimedia services 
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Subjective techniques are usually conducted in test labs and they are assumed more accurate since 
they reflect literal human perception. However, researchers have focused on developing objective 
techniques, which endeavour to emulate human perception, as they are less costly and can be 
implemented in practical real-time applications. Also, objective metrics can be used to predict 
QoE. This prediction is essential for the quality estimation of a vast number of scenarios which 
cannot be fulfilled with subjective techniques. 
Two classifications of objective QoE techniques have been introduced in literature. The first is a 
classification by the DSL Forum [32] which is demonstrated in Figure  2-8. Objective techniques 
are either based on human perception, transmitted signal parameters, network impairment 
parameters or the duration of impairment. 
 
Figure ‎2-8: Classification of QoE assessment techniques 
The second classification is the ITU classification of objective QoE assessment models [33]–[35], 
which is based on a focus of the assessment model: 
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signal (payload information). 
 Parametric planning model: uses networks‟ and terminals‟ quality planning parameters. 
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 Media layer model: analyses the content signal via the Human Vision System (HVS). 
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the coded bit-stream. It lies between the parametric packet-layer model and the media-layer 
model. 
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 Hybrid model: a combination of some or all of the listed models. It is effective in 
exploiting more information to measure QoE. 
 
Depending on the availability of the original content as a reference at assessment time, objective 
techniques can be either Full-Reference (FR), Reduced-Reference (RR), or No-Reference (NR) 
[27], [36]: 
 Full Reference (FR): a double-ended method, applicable if the original content is 
available. 
 Reduced Reference (RR): a double-ended method, applicable if partial information of the 
original content is available. 
 No Reference (NR): a single-ended method, applicable if no original content or 
information is available. For example, blockiness and frame rate measurements are typical 
NR metrics. 
 
For video quality assessment, there are several QoE metrics that have been proposed in literature. 
The most widely accepted three models in literature are briefly introduced [37]: 
 Peak-Signal-to-Noise-Ratio (PSNR): PSNR is a full-reference metric derived by 
calculating the Mean Squared Error (MSE) in relation to the maximum possible value of 
the luminance in the video signal. Measured quality is represented by a single number in 
decibels (dB). 
 Structural Similarity Index (SSIM) [38]: SSIM uses the structural distortion 
measurement instead of error measurement. It relies on the fact that the HVS focuses on 
visualising the structural information of the view rather than the pixel errors. SSIM denotes 
the quality by a value between 0 and 1 such that the higher the value the better the quality. 
 Video Quality Metric (VQM) [39]: VQM provides an objective assessment of perceptual 
video quality. Its measurement is highly correlated to the subjective quality scores obtained 
by human perception in subjective testing. VQM could measure the perceptual effects of 
video impairments such as blurriness, jerkiness, unnatural motion, noise, blockiness, and 
colour distortion. These aspects are combined in a single measurement that ranges from 0 to 
1 such that the lower the value the better the quality. VQM is a well-established video 
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quality metric standardised by the National Telecommunications & Information 
Administration (NTIA). The NTIA General Model [39] was independently evaluated by the 
Video Quality Experts Group (VQEG) and also standardized by ANSI [40] and ITU [41], 
[42]. 
To date, VQM is said to be the best validated and standardised metric with the highest correlation 
to video quality as perceived by the human vision system [43]. Indeed, in a performance 
comparison of objective video quality assessment methods [44], VQM is found to be the most 
accurate in the class of natural visual feature based methods. 
Future QoE assessment models are expected to measure QoE at a further level than just the 
perceptual level [45]. This could offer metrics that are even closer to human subjective scores. 
2.1.2.3 QoE-based charging 
The concept of charging users based on the level of quality they “actually” receive is a relatively 
new concept in multimedia communications. The breakthroughs made in objective quality 
assessment, especially the no-reference models, bring the concept of QoE-based charging to 
practical grounds. The concept of QoS-based differentiated charging has already been presented 
in literature. Either based on QoS parameters [12]–[16] or based on service level agreements [17]. 
Furthermore, pricing schemes that conjoin supplied bitrate with consumed energy in a cost-benefit 
analysis approach have been discussed in literature as well [46]. However, QoE-based 
differentiated charging where QoE is directly associated with user billing have not been 
addressed, to the author‟s best of knowledge. 
QoE-based differentiated charging could be a motivation to both the user and the service provider. 
It motivates the service provider to offer the best of quality levels, and the user to be compensated 
on-the-fly for degraded or poor quality. 
2.1.3 Quality of Business (QoB) 
Subject to organisational strategy, objectives or mission statement, QoB could be an 
immeasurable entity such as reputation, social contribution, political or ideological target. In 
general business terms QoB is “The effectiveness of business processes in meeting the desired 
outcome of an organization which fit into the QoE framework through its effectiveness 
component. [47]” However, for a profit-driven organisation such as telecommunication service 
providers, QoB can be a measurable entity which exhibits the extent to which a targeted or 
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expected revenue or profit can be achieved. So it inherits the triple-Q vision, which focuses on the 
revenue side of QoB. 
QoB is influenced by two main factors: cost and revenue. Considering the provisioning of 
multimedia services, cost and revenue analysis would attract the issue of service tariff. However, 
the service tariff is out of the scope of this research thesis. In this thesis, QoB is represented by a 
utility function that considers user charging and cost of service. 
Through the triple-Q concept, QoB has not received much attention from researchers. Existing 
charging models lack a direct link between user charging and user experience. Therefore, QoB 
needs to bridge this missing link, by considering customer‟s QoE and the associated cost of 
service provision. 
2.2 Communication Systems 
In its fundamental form, communication is the transmission of information from one point to 
another through some form of medium. Hence, in a communication system there are three basic 
elements as depicted in Figure  2-9: the transmitter, the receiver, and the channel. 
 
Figure ‎2-9: The communication system 
In modern digital communication systems, the transmitted signal passes through a series of 
processes. These processes are carried out by the functional elements in the transmitter and the 
receiver as illustrated in Figure  2-10. Typically, the source encoder removes redundant 
information from the message signal. The channel encoder adds some information to the data 
stream to increase its robustness against possible attenuating conditions in the transmission 
channel. Finally, the modulator represents the data stream by analogue symbols which are suitable 
for transmission over the channel. The received symbols are then processed in a reverse order by 
the receiver. Thus, a copy of the original message is reconstructed and delivered. 
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Figure ‎2-10: The digital communication system 
2.2.1 Video Communications System 
A typical video communications system takes a design similar to that shown in Figure  2-10. The 
elements in Figure  2-10 are elaborated for video communication systems in the following 
sections. 
2.2.1.1 Video Source Coding 
Digital video content is normally of large size and telecommunication networks (especially 
wireless networks) have a limited bandwidth and resources. Therefore, for video to be transmitted 
over a wireless network (or to be stored), video compression is essentially required to reduce the 
size of video and hence the data rate to be carried over the network. 
Video signal compression is carried out by exploiting the redundant information in the signal in 
space and time domains. Accordingly, several video compression codecs have been developed 
and have efficiently reduced the video data rate. One of the well-established and widely used 
video compression standards is H.264/AVC [48]. This video coding standard was proposed by 
ITU Telecommunication Standardisation Sector (ITU-T). It has achieved a considerable 
enhancement in compression performance over other existing video coding standards. For 
instance, it could reduce the bitrate of a Standard Definition (SD) video from 3 Mbps to 1.5 Mbps,  
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and a High-Definition (HD) video from 19 Mbps to about 10 Mbps [26]. The H. 264/AVC is a 
block-based video codec, i.e., it identifies and compensates the motion between successive frames 
then encodes the residual image using a still-image coder. Also, there exists a Scalable Video 
Coding (SVC) version of H.264, namely, H.264/SVC which exploits the features of SVC video in 
terms of spatial, temporal, or quality scalability. However, the research conducted in this thesis 
has adopted the H.264/AVC standard [48]. 
Generally, the video compression process can be of three types: spatial redundancy reduction, 
temporal redundancy reduction, and variable length coding. The spatial redundancy reduction 
reduces the redundancy of pixels within the same video frame. Therefore, if the pixels in the 
frame are highly similar, the spatial redundancy can be highly reduced. In the temporal 
redundancy reduction, similarity between a current frame and a reference frame is removed. This 
relies on the fact that there can be no activity in a scene for some consecutive frames; hence, there 
is a high similarity between these frames which can be exploited. Temporal redundancy is also 
performed using-block based motion compensation. This is a technique used in modern video 
codecs such as H.264. Motion compensation works on blocks of pixels to model the current frame 
as a translation of some previous frame. Variable length coding contributes a further reduction in 
bitrate by replacing each data symbol with a variable length unique prefix code word. The length 
of the code word is identified based on the probability of the data symbol occurrence. 
2.2.1.2 Channel Coding 
To protect the transmitted signal from channel-related impairments such as fading and noise, 
channel coding is used in most communication networks, and especially error-prone wireless 
channels. Channel coding is also attributed as Forward Error Correction (FEC). Typically, the 
sender adds redundant bits to the transmitted data; these bits are then extracted by the receiver to 
correct errors, if any. This saves the sender from the need to retransmit the whole data, and also 
from waiting for acknowledgement from the receiver through a feedback channel. Therefore, 
delay-sensitive applications, where retransmissions are not possible, take great advantage of 
channel coding. However, this protection comes at the expense of overhead in terms of the 
redundant bits added. Typically, the code-word in channel coding consists of information bits and 
parity bits. This structure is illustrated in Figure  2-11 where n is the length of the code-word, and 
the ratio k/n is named the coding rate [37]. 
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Figure ‎2-11: Structure of the code-word in channel coding 
2.2.1.3 Modulation 
In order to transmit a bit-stream over an analogue channel, the bit-stream needs to be modulated. 
In digital communications, modulation involves the formulation of a digital message signal so that 
it can be physically transmitted inside another signal. Also, modulation enables the transmission 
of a high frequency signal over a low-frequency channel. That is, it enables high information 
capacity and high data security. At transmission time, once a carrier is generated at the 
transmitter, it is modulated with the data to be transmitted. The signal is then demodulated at the 
receiver. There exist many schemes for digital modulations and they differ in terms of robustness 
and bandwidth capacity. For example, Amplitude Shift Keying (ASK) modifies the amplitude of 
the signal; Frequency Shift Keying (FSK) modifies the frequency of the signal; Phase Shift 
Keying (PSK) modifies the phase of the signal; and Quadrature Amplitude Modulation (QAM) 
modifies both the phase and the amplitude of the signal [49]. 
2.2.1.4 Video Transmission Protocols 
For multimedia communication applications, the main network protocols are the Internet Protocol 
(IP), the Transmission Control Protocol (TCP), the User Datagram Protocol (UDP), and the Real-
time Transport Protocol (RTP) [26]. 
The IP protocol is the network layer protocol (layer 3) in the OSI model. It facilitates the 
functions required for transferring blocks of data (IP packets) from a source to a destination over a 
packet-switched network. IP packets carry the address of the destination system, and hence they 
are routed between interconnected networks until they reach their designated destination. TCP is 
the transport layer protocol (layer 4) in the OSI model. It provides a reliable transport service for 
delay insensitive applications such as email. TCP‟s reliability is based on robust mechanisms for 
retransmission and timeout of TCP packets. UDP is also a transport layer (layer 4) protocol in the 
OSI model. In contrast with TCP, UDP is a connectionless protocol, i.e., it transmits a packet 
regardless of whether the packet has been received or not. It provides an unreliable but simple 
transport service without flow control or error recovery functions. Hence, UDP is useful in real-
time data transportation such as 2-way conversational applications. 
Information bits (k) Parity bits (p)
n
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Real-time Transport Protocol (RTP) runs on top of UDP and is typically used by real-time 
applications such as audio and video over unicast or multicast transmissions. RTP consists of two 
closely linked parts [23]: 
 Real Time Protocol: this part provides time-stamping for timing issues, and sequence-
numbering to identify lost or out of order packets, along with other payload-related 
services. Through these mechanisms, RTP supports end-to-end transport for real-time data 
transmission. 
 Real Time Control Protocol: this part is used to for end-to-end monitoring of data 
delivery. 
However, RTP does not offer QoS guarantees or mechanisms to ensure timely delivery for real-
time applications. It does not either guarantee the delivery or prevent out-of-order delivery; it only 
provides the mechanisms for the upper layer to detect missing packets or out-of-order delivery. 
2.2.2 Wireless Transmission Modes 
In multiuser wireless transmissions, the transmitter can communicate to the receiver in three basic 
modes: unicast, broadcast, and multicast. As shown in Figure  2-12, in a unicast transmission each 
mobile user receives an exclusive service over an exclusively allocated set of subcarriers. Hence, 
each transmitted service is dedicated to a single receiver solely. In broadcast transmission [50], 
however, all users receive a single data stream simultaneously over a set of subcarriers allocated 
to the broadcast group. Thus, a single service is transmitted by the base station and received by all 
connected users. In the case of multicast, several different services are transmitted by the base 
station, and each service is received by a multicasting group. Each group consists of subscribers 
who receive the designated service simultaneously. Radio resources are, therefore, allocated to 
each multicasting group independently. 3GPP has standardized an architecture of multicasting 
attributed Multimedia Broadcast Multicast Services (MBMS) [12], [51], [52]. MBMS introduces 
point to multipoint communication where data packets are simultaneously transmitted from a 
single source to multiple destinations. Radio resource efficiency is a prominent aspect of MBMS. 
For instance, radio transmission cost is independent of the number of subscribers in the cell. Also, 
MBMS can be set to use only a portion of a cell carrier, leaving the rest for other services such as 
regular voice and data. 
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(a) Unicast 
 
(b) Broadcast 
   
(c) Multicast 
Figure ‎2-12: Subcarrier allocation in unicast, broadcast, and multicast transmissions 
2.2.3 Multiple Access Techniques 
Multiple access is the means by which a number of users can share the radio spectrum of a 
wireless communication channel simultaneously. It is desirable in multiple access systems to 
perform the sharing of physical resources without significant interference. Therefore, four 
multiple access techniques can be used to share the wireless spectrum [4], [53]–[56]: 
 Frequency-Division Multiple Access (FDMA): FDMA assigns each user an exclusive and 
predetermined band of subcarriers on a continuous-time basis; see Figure  2-13(a). 
 Time-Division Multiple Access (TDMA): TDMA assigns all subcarriers to every user one 
at a time for a predetermined time slot. That is, the full spectrum is assigned to each user 
but only for a short duration of time; see Figure  2-13(b). 
 Code-Division Multiple Access (CDMA): CDMA also allows the users to use the 
available spectrum but their individual signals are coded (encrypted) such that they can be 
distinguished from each other. 
 Space-Division Multiple Access (SDMA): In SDMA, the radio spectrum is shared 
between users by exploiting the spatial distribution of users. That is performed using multi-
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beam directional antennas, so users can access the channel on the same frequency or in the 
same time slot simultaneously. 
 
(a) FDMA 
 
(b) TDMA 
Figure ‎2-13: Spectrum allocation in FDMA and TDMA for four users 
2.2.4 Radio Resource Management 
Radio Resource Management (RRM) is a significantly important aspect of wireless 
communications to allow efficient utilisation of the limited radio resources as much as possible, 
especially in multi-user and multi-cell environments. RRM is also meant to satisfy different QoS 
requirements for users of different applications. In wireless environments, the channel state 
changes over time due to a number of phenomena such as channel fading and interference. Hence, 
RRM‟s role is to manage and adjust the wireless resources dynamically to meet the desired QoS 
requirements and improve the spectral efficiency. To achieve this efficiently the development of 
intelligent Resource Allocation Algorithms (RAA) is required. 
Basically, there are two types of RAAs [57]: 
 Static resource allocation: Allocation is based on statistical information; hence it is 
mainly designed during the planning stage of the wireless system. 
 Dynamic resource allocation: Allocation is based on the measurement of parameters as 
changes happen in propagation conditions and user traffic requirements. Usually, 
reassignments of resources happens in a per millisecond intervals. 
 
Radio resources in wireless networks include: transmission power, time-domain resources, 
frequency-domain resources and spatial-domain resources [1]. RAAs use traffic information and 
channel information to make a decision about how to efficiently allocate those resources. Finding 
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the optimum resource allocation is believed to be a formidable NP-complete problem [57]. In 
addition, no general algorithm that is capable of solving such an optimality problem is known yet. 
However, a number of RAAs have been proposed (some of which are already used in wireless 
systems), which target specific objectives under certain conditions. 
Generally, RRM algorithms can be divided into five areas: power control, handover, admission 
control, packet scheduling, and load control [26]: 
 Power control algorithms control the level of the transmitted power to keep the 
interference levels at minimum while the required QoS is accommodated. 
 Handover algorithms handle a mobile terminal‟s transition from the coverage area of one 
cell to another.  
 Admission control algorithms decide whether a user‟s request to connect can be accepted 
or not. For instance, this can be based on efficient allocation of the limited resources to 
maintain users' QoS requirements. 
 Packet scheduling algorithms determine the bitrates and the sub-channels to allocate to 
users in addition to the allocation duration. That is, it determines how available bandwidth 
is shared among users. 
 Load control algorithms are needed when overload state is encountered. The role of these 
algorithms is to monitor, detect, and handle congestion. 
The RAA contributed in this thesis exploits both the power control and the packet scheduling 
algorithms in one joint optimization scheme. 
The RAAs proposed in the literature usually fall into one of two classes of adaptive bit-loading 
depending on the approach taken to solve the optimization problem. The two classes are Margin 
Adaptive (MA) algorithms and Rate Adaptive (RA) algorithms [58], [59]: 
 Margin Adaptive (MA) algorithms aim at minimising the transmitted power subject to the 
constraints of data rate and Bit-Error-Rate (BER). Hence, the required QoS by each user is 
considered while the optimization problem is formulated. 
 Rate Adaptive (RA) algorithms aim at maximising the data rate (throughput) subject to the 
constraints of transmit power and BER. 
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The optimisation problem presented in this thesis is based on the Margin Adaptive (MA) class; 
hence power minimisation is targeted while the user assigned bitrate is adjusted. 
2.2.5 Orthogonal Frequency-Division Multiplexing (OFDM) 
A part and parcel of modern wireless communication systems is Orthogonal Frequency-Division 
Multiplexing (OFDM) technique. OFDM is a well-established technique in wireless networks due 
to its support for adaptive multi-user transmission at a high data rate. Therefore, OFDM has been 
adopted in several digital transmission systems such as IEEE 802.11a/g Wireless Local Area 
Network (WLAN), IEEE 802.16 Worldwide Interoperability for Microwave Access (WiMAX), 
Long Term Evolution (LTE), and many others. In OFDM, a high-rate data stream is split into a 
number of lower rate streams transmitted simultaneously over a number of subcarriers. So an 
individual data element normally occupies only a small part of the available bandwidth since the 
coherent channel bandwidth is divided into many narrow sub-bands. The sub-streams are 
modulated into symbols and transmitted on the designated orthogonal subcarriers. In particular, a 
higher order modulation is used to carry more bits/symbol on subcarriers with large gains, 
whereas subcarriers in deep fade carry one bit/symbol, or are not even used. Hence, OFDM 
represents a significantly important technology for wireless communications. 
Orthogonality is a property that allows a robust transmission of multiple data signals over a 
common channel, and allows their detection without interference [2]. Signals are orthogonal if 
they are mutually independent of each other. Hence, the principle of an OFDM system is to use 
narrow, mutually orthogonal subcarriers to carry data [1]. This feature of OFDM is explained by 
the diagrams in Figure  2-14. The OFDM technique offers a great deal of spectral efficiency 
(bandwidth saving) by exploiting subcarrier orthogonality in comparison with the conventional 
multicarrier technique [3]. The subcarriers are overlapping but orthogonal to each other, so that at 
the sampling instant of a given subcarrier, all other subcarriers are zero-valued, as shown in 
Figure  2-14. 
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(a) Conventional multicarrier technique 
 
(b) Orthogonal multicarrier modulation technique 
Figure ‎2-14: The advantage of orthogonal subcarriers in OFDM 
2.2.5.1 OFDM System Model 
A typical OFDM system model is illustrated in Figure  2-15. In a typical OFDM system, after the 
data bits are modulated, the serial data stream is converted to parallel data sub-streams. Inverse 
Fast Fourier Transform (IFFT) algorithm is then performed on each sub-stream to convert the 
modulated symbols (represented by real and imaginary parts) from frequency domain into 
waveform representations in time domain. Later, the cyclic prefix is added to help avoid inter-
symbol interference. Once the signal is received, the cyclic prefix is removed and the signal is 
recovered using the Fast Fourier Transform (FFT) algorithm. A parallel-to-serial conversion is 
performed then the data stream is demodulated to obtain an estimated copy of the original 
information bits. 
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Figure ‎2-15: A typical OFDM system model 
In the early stages of OFDM development, all the subcarriers of OFDM were assigned to a single 
user at any particular point of time. Later, OFDM has been conjoined with TDMA and FDMA to 
optimize the sharing of resources between multiple users [58]. The OFDM system model studied 
in this thesis is a multiuser-enabled OFDM. The multi-user capability is also supported natively 
by the Orthogonal Frequency-Division Multiple Access (OFDMA) technique, which is an 
extended version of OFDM. 
2.2.5.2 Advantages of OFDM 
The OFDM transmission model offers the following key advantages [1], [3]: 
 High spectral efficiency. Since subcarriers can partially overlap, as shown in Figure  2-14, 
the system throughput can be substantially increased. 
 Robustness and resiliency to fading and interference. Because of the division of a 
wideband spectrum into orthogonal narrowband sub-channels, the radio frequency 
interference between users is reduced considerably, and the frequency-selective multipath 
fading is alleviated. This increases the reliability in complex indoor environments and 
mobile environments. 
 Flexible resource allocation. With dynamic frequency allocation, OFDM can assign 
certain subcarriers to users according to users‟ channel conditions. This allows full use of 
frequency diversity and multi-user diversity to obtain near optimal system performance. 
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 Simple system implementation. Since OFDM uses IFFT/FFT instead of Discrete Fourier 
Transform (IDFT/DFT), the computational complexity in OFDM is remarkably reduced. 
 
2.3 Literature Review 
This section presents a review of the most relevant studies in literature, to the contributions 
presented in this thesis. These are the studies in efficient resource allocation and in QoE 
prediction. 
2.3.1 Related Work in Resource Allocation 
The works related to the proposed recourse allocation scheme are reviewed in this section. They 
are divided based on the main targeted objectives. 
2.3.1.1 Targeting Efficient Power Allocation 
Past research investigated several challenges confronting the wireless system, such as dynamic 
subcarrier allocation, adaptive power efficient allocation, admission control, and capacity 
planning [60]. Power efficient adaptive allocation, however, has inspired considerable research 
efforts in multicarrier communication systems [54], [61], [62], [55], [63]–[80]. In OFDM systems, 
studies have proposed power optimisation algorithms based on adaptive subcarrier and bit 
allocation [54], proportional rate adaptive allocation [66], Lagrange-multiplier bisection search 
[61], or evolutionary genetic algorithms with water-filling technique [55], [62], [68] for multiuser 
OFDM. In another work, subcarrier and power allocation was optimised based on a utility 
function that quantifies the radio resources a user occupies [67]. Similar works in OFDMA 
systems have proposed fractional programming [63], [64], and a Lagrangian relaxation-based 
algorithm [65] for optimization. Also, minimising receiver energy has been achieved by 
minimising the time required to receive bits [69], and by minimising the number of received 
symbols [70], in multicasting. In [71] only water-filling has been used for power, whereas  the 
objective has been throughput maximisation for unicast transmissions. Therein, for mixed unicast 
and multicast, throughput has not been maximised for the sake of unicast which is given priority. 
Also, since content quality is not accounted for, higher bitrate may be offered unnecessarily. In 
[72], the greedy algorithm has been used for power allocation and tested in unicast and multicast. 
Papoutsis et al. [73] have proposed resource allocation based on allocating chunks of subcarriers 
to maximize throughput under limited power constraint. Yet minimal power and content quality 
have not been addressed. An adaptive subcarrier allocation algorithm based on perfect and partial 
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channel information have been proposed in [74] for a Multi-Input-Multi-Output (MIMO-OFDM) 
system. A power-minimized bit-allocation scheme has been proposed in [75] which considers the 
processing power as well as the transmission power jointly. This work has not considered 
subcarrier allocation for multiuser case. Whereas the work in [76] has considered a multiuser 
environment in a resource allocation problem aiming at minimizing total transmit power and 
increasing spectral efficiency. However, no bit-loading strategy has been presented (such as 
greedy algorithms), and content quality has not been considered as well. A basic subcarrier 
allocation scheme that considered SVC has been presented in [77], but without reflection on 
content quality. In [78], a QoS-Aware resource allocation model has been proposed for multi-
view video in multicast networks. The model targets energy efficiency and helps users achieve 
different data rates according to their QoS requirements. In a related study on resource allocation 
schemes, typical OFDM subcarrier allocation schemes have been shown to perform better (in 
terms of SNR) when error control coding techniques are engaged [81]. A QoE-driven power 
allocation scheme has been presented in [79], [80] for SVC video over MIMO systems. QoE has 
been measured with PSNR, and power is referred to by a utility cost of power. This study has 
targeted power allocation without referring to resource allocation. 
The subcarrier and bit allocation for power efficiency has been also the subject of several research 
theses [1], [2], [6], [58], [82]–[84]. The work in [2] has presented a resource allocation algorithm 
for downlink multiuser MIMO-OFDM targeting minimal transmit power. Similarly, energy-
efficient scheduling algorithms have been presented in [82] for delay constrained communications 
for single user and multiuser SISO and MIMO transmission systems. Therein, the total 
transmission power is minimised while individual user‟s QoS constraints are satisfied. In another 
RRM effort, a radio resource allocation scheme has been proposed for relay based cellular 
networks [1]. This scheme has targeted throughput, power, and user fairness (of allocated 
resources), but not QoE. Within the context of cognitive radio (spectrum sharing networks), an 
optimization technique for subcarrier and power allocation has been proposed for the secondary 
wireless network in the presence of multiple primary users in OFDMA [58]. Similarly, power 
allocation in cognitive radio OFDM has been studied and a sum rate maximisation problem has 
been presented in [83] to achieve power minimisation. In a quality-driven study, the information 
about video traffic has been the basis for a scheduling strategy proposing efficient resource 
allocation in multiuser downlink LTE systems [6]. The study has applied the game theory and 
fuzzy logic concepts; however, it has not considered energy efficiency. In another LTE focused 
research, an energy efficient resource allocation method has been developed from the view point 
of interference mitigation rather than power minimization [84]. Instead of proposing a power 
allocation scheme, the approach relies on efficient use of interference management techniques and 
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system spare resources such as the bandwidth in order to reduce the energy expenditure in LTE 
networks. 
However, the aforementioned studies have focused on power minimisation only as the main 
objective in their resource allocation algorithms, regardless of the type or quality of content used. 
2.3.1.2 Targeting Bitrate-Driven Quality and Rate Control 
While several research activities have targeted the power allocation problem for efficient resource 
allocation, a few others have put efforts in considering the content or the quality aspect along with 
power [85]–[94]. Based on content quality, rate control has been designed to reduce the bit-stream 
which would result in reducing energy [85]. The quality of the reconstructed received video has 
been enhanced using packet scheduling algorithms in cross-layer optimization [86], [87]. In [88], 
[89], a maximum throughput has been distributed fairly among multicasting groups, with power 
as a constraint but not guaranteed to a minimum. The system sum rate is maximized to improve 
quality, but no measures are taken to assess the received quality. User application bits have been 
used as the basis for a subcarrier and bit allocation algorithm in [90]. Therein, a framework called 
bitQoS-aware resource allocation, which relies on the QoS requirements of the application at the 
bit level, has been proposed. In [91], the encoding bitrate has been adjusted to the receiving power 
level in a rate-control method for CDMA. Hence, power minimisation has not been addressed. To 
fairly maximise the bitrate for multicast groups, the work in [92] has proposed a mathematical 
algorithm in two steps. Subcarrier allocation is first done assuming equal powers, then greedy bit-
loading is used, but power minimisation has not been presented. Hence, this approach is less 
efficient compared to the algorithms that provide a global optimisation of objectives. Based on 
differentiated QoE, the work in [93] has proposed a framework for optimal bitrate assignment in 
competing SVC video flows. Therein, the rate allocation algorithm targets QoE maximisation, but 
energy has been out of the scope. In [94], an algorithm aiming at fair and balanced QoE 
distribution among two types of users has been presented. The algorithm is based on equivalent 
rate scaling to deliver balanced QoE among guaranteed and best effort users, but QoE 
maximisation has not been targeted. A general framework has been presented in [95] which 
emphasised on the importance of considering receiver's energy and bitrate-driven quality. 
However, no algorithms have been proposed to back the presented framework. 
Although these studies have relatively considered content quality in one way, in the other way 
there has been no literal focus on QoE maximisation and power minimisation jointly, let alone 
QoB. Even in the cases where QoE has been considered, the metrics used were not state-of-the-art 
QoE metrics. 
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2.3.1.3 Recent and Targeting Energy and/or QoE 
Since energy-quality optimisation has attracted research efforts recently, a number of studies have 
considered a joint optimisation of energy and QoE [96]–[111]. For Relay-based OFDMA 
networks, the energy-quality trade-off has been targeted by an optimisation algorithm [96]. The 
focus of this study was on SVC coded video. The work in [97] has been based on the game theory 
by assigning subcarriers randomly and then managing a competition between user pairs to 
distribute resources among users. In comparison of this method with the GA-based method 
(proposed in this thesis), the GA-based method is much more efficient in that it comprehensively 
brings all inputs together and makes the decision of allocation. Also, the GA-based exploits more 
solutions than the game theory could exploit in each iteration. For SVC coded video in multiuser 
MIMO-OFDM, a QoE-aware resource allocation algorithm has been proposed [98]. Therein, 
quality modelling has been designed in a similar way to that in this thesis. The algorithm in [98] 
has optimised a set of network parameters including power allocation, however, it has not 
considered power minimisation. In the context of cloud computing, but not in the context of 
resource allocation, an optimisation algorithm has been introduced in [99] for the trade-off 
between energy and QoE. Another study based on the energy-QoE trade-off [100] has proposed a 
rate allocation algorithm for web navigation over satellite networks. In [101], subcarrier allocation 
and power allocation have been addressed separately, not as one problem in one algorithm. Nash 
bargaining method has been used for the subcarrier allocation algorithm, whereas the power 
allocation algorithm has been based on a fuzzy decision model. The objective has been to 
maximise QoE through maximising the bitrate for three services: file download, IPTV, and VoIP. 
Chuah et al. [102] have proposed a resource allocation algorithm for multicast SVC video based 
on dynamic programming. The algorithm targets QoE (using PSNR) maximisation under power 
and access constraints. The resources presented have been power, multicast access, and SVC 
frame-rate, spatial resolution, and quality. The authors have extended their work in [103] where 
they have added packet loss rate with PSNR to estimate video quality. However, this QoE metric 
lacks the perceptual aspect offered by the Video Quality Model (VQM). Also, the optimisation 
algorithm has been extended to join MCS and transmission power allocation. 
In [104], Lagrange dual decomposition has been used to maximise QoE by addressing three 
problems separately: packet scheduling, subcarrier allocation, and power allocation. Later, the 
author has joined scheduling and subcarrier allocation in a sub-optimal solution which excluded 
power. Hence, resource allocation has been presented but not in a joint optimisation algorithm. 
The work presented in [105] has advanced an energy efficient approach for HTTP streaming over 
LTE. The approach targets mobile device energy consumption (not transmission power) by 
making use of inactive states during HTTP streaming. No QoE-based resource allocation has been 
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presented, but rather an extension to an existing algorithm such that device energy is considered. 
In [106], the authors have proposed a spectrum (subcarrier) and power allocation algorithm 
considering the video content for multicast over femtocells. The optimisation algorithm is 
content-aware but does not enhance quality which is measured with PSNR. Also for video over 
LTE, Perera et al. [107] have presented a QoE-aware resource allocation approach to improve 
QoE. Therein, important (critical) video frames are selected and allocated to the most robust 
OFDM Resource Blocks (RB). PSNR is then used to measure QoE. The study has not considered 
energy. In the context of cognitive radio, a subcarrier and power allocation scheme has been 
proposed for video over OFDMA [108]. The authors have developed an algorithm to improve 
QoE (measured with PSNR) for the secondary receiver. Wang et al. [109] have presented a green 
allocation scheduler solution that adopts a free-lunch approach in multicast multimedia delivery. 
Targeting fairness, the allocation scheduler shifts the interference power from capacity-saturated 
users to unsaturated users. Hence, throughput is improved for unsaturated users, which leads to an 
overall more efficient power and enhanced QoE. In [110], QoE (measured in PSNR) has been 
employed as the basis to optimise two problems separately: energy efficiency and bandwidth 
efficiency. The proposed resource allocation algorithm has been developed using a nonlinear 
fractional programming approach and dual decomposition to address the formulated mixed-
integer nonlinear optimisation problem. For multi-radio access in heterogeneous wireless 
networks, a QoE-based resource allocation scheme has been presented [111]. Therein, a 
multimedia QoE metric has been developed using the so called multiplicative exponent weighting 
method. The algorithm, which has been developed using Lagrangian analysis, targets QoE 
maximisation by considering a rate factor and an energy factor subject to the constraints of 
transmit bandwidth, rate, and power. 
The foregoing studies in this section have more or less targeted two objectives: QoE and energy in 
varying contexts. However, none of them have considered a joint optimisation of QoE, power, 
QoB, CSI, user fairness, and rate control for unicast, broadcast, and multicast. Also, the QoE 
metrics used were not state-of-the-art perceptually motivated QoE metrics [11]. 
2.3.1.4 Recent and Most Relevant Works 
In this section, the recent studies that are believed to be closely relevant to the main contribution 
in this thesis are presented and discussed. 
Li et al. [112] have proposed a QoE-aware resource allocation algorithm for SVC video over 
multiuser MIMO-OFDM. A QoE-rate relation has been developed to model video quality in a 
similar manner to that in this thesis; however, it was not clear which QoE metric has been used. 
With the objective to maximise QoE, a simple bit-loading algorithm has been proposed. The 
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algorithm increments the loaded bits according to channel CSIs. Consequently, total transmit 
power is incremented, modulation is selected, and QoE is incremented. This process continues 
until a total power constraint is reached with the maximum limit for modulation bits. The authors 
consider this level of power is the optimum for high QoE. This algorithm exposes several 
drawbacks. With the power constraint as a stopping criterion, high QoE may be achieved 
unnecessarily at the expense of high power. That is, users may be assigned a high bitrate they do 
not require. Therefore, the algorithm does not guarantee a fair and balanced distribution of quality 
and power. Also, it does not show any rate control mechanism, nor does it consider service 
provider‟s QoB. 
QoE-based resource allocation has been presented also for multiuser-multiservice OFDM 
transmission targeting energy efficiency and quality guarantee [113]. Therein, three multimedia 
services have been considered: IPTV, file download, and VoIP. The quality metric used for video 
(IPTV) has been PSNR (mapped to MOS) which lacks the perceptual aspect discussed in the 
problem statement of this thesis. Lagrange-based optimisation has been presented for the resource 
allocation algorithm. The algorithm follows a greedy-like technique by assigning the subcarrier 
with best CSI to each user, then gradually increasing the number of subcarriers allocated to each 
user, until a minimum QoE threshold is reached. Hence, the algorithm seeks to minimise power 
by utilising as much subcarriers as possible. The main drawback in this work is that it guarantees 
a minimum QoE but does not maximise QoE. By relying on a fixed bitrate approach, QoE is fixed 
but not enhanced. Since fixed bitrate has been assumed for each user, fairness and rate control has 
not been considered. Also, the proposed algorithm has been compared only with the exhaustive 
search algorithm. No other comparable algorithms are shown, and service provider‟s QoB is not 
considered. 
For femtocell networks, a QoE-oriented resource allocation has been presented in [114]. This 
study has considered three multimedia services: audio stream, data stream, and video stream. To 
maximise QoE and minimise power, the algorithm operates on two stages iteratively. First, 
subject to the power and RB constraints, either power or Resource Blocks (RB) are allocated to 
users until QoE reaches 4.5 on the MOS scale. Second, power is decreased, and QoE is 
consequently decreased, until a cost-effective threshold defined by the algorithm is observed. This 
method does not guarantee user fairness and limits QoE at a MOS value below 4.5. Also, QoE has 
been measured with SSIM and then mapped to MOS. Furthermore, QoB has not been in the 
scope. 
The work in [115] has proposed an energy efficient power allocation algorithm based on 
constrained Particle Swarm Optimisation (PSO). This study does not improve QoE but rather use 
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it in the power allocation algorithm with the objective to increase power efficiency. Hence, only 
power is optimised, but the balance between quality and power is not considered. Power and 
quality have been unified in one objective function, but the authors have not normalised them on 
one scale for this function. Also, the PSO-based algorithm allocates subcarriers before power is 
allocated. This is less efficient than genetic algorithms where subcarrier and power allocation is 
addressed in one shot. QoE is represented by PSNR mapped to MOS, and QoB has not been 
considered as well. 
The majority of the reviewed algorithms seek an optimum solution in the quality-energy trade-off 
using different approaches. The solution they achieve may not be an optimal one because their 
algorithms lack a decision maker. Ideally, it is the role of the decision maker to identify an 
optimum solution in multi-objective optimisations. Also, none of these works have been 
“perceptually motivated” in the selection of the QoE metric. Moreover, differentiated charging by 
incorporating service provider‟s QoB has not been in the focus of these studies.  
2.3.2 Related Work in QoE Prediction 
Estimation of the perceptual quality of multimedia content in mobile environments is a significant 
issue for communication systems [116]. Hence, it has been an area of significant interest to 
researchers in video quality. In this section, varying research efforts in this field are summarised. 
The summaries are divided based on the QoS parameters employed in the proposed systems. 
2.3.2.1 QoS Parameters from the Application Layer 
A number of studies have considered QoS parameters from the application layer only, such as 
video codec and bitrate [117]–[121]. No-Reference (NR) algorithms have been used to estimate 
PSNR [117], or to measure quality using video quality assessment in the compressed domain (C-
VQA) [118]. The Reduced-Reference (RR) and Full-Reference (FR) methods proposed, on the 
one hand they have been based on parametric non-machine learning algorithms using a standard 
video quality metric (VQM) [120], or a derived VQM [120]. But on the other hand, they have 
been based on machine learning in the 3D video domain [121]. 
2.3.2.2 QoS Parameters from the Physical Layer 
Another group of research studies have focused on QoS parameters solely from the physical layer, 
such as packet loss and delay [122]–[126]. Either machine learning has been used to assess the 
QoS/QoE correlation [122], or a fuzzy expert system has been used for QoE estimation [123], 
[124]. The majority have employed the Mean Opinion Score (MOS) as a quality measure. Also, 
multiple regression analysis has been the method used by Suzuki et al. [125] to estimate QoE 
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from MAC–level QoS over an IEEE 802.11e wireless LAN. In a different approach Argyropoulos 
et al. [126] have proposed a bit-stream type of model which uses the visibility of packet losses to 
predict objective quality scores. 
2.3.2.3 QoS Parameters from the Application and the Physical Layers 
For an end-to-end prediction of video quality, hybrid models have come to light and have 
consolidated both application layer and physical layer parameters [43], [119], [127]–[140]. Khan 
et al. [127]–[129] have proposed two learning models to estimate video quality in PSNR 
normalized to MOS. The proposed models have been Adaptive Neural Fuzzy Inference System 
(ANFIS) [127], [128], and non-linear regression analysis [127], [129]. They have also studied the 
effect of individual QoS parameters on end-to-end video quality for H.264 encoded videos. The 
authors have validated both models with subjective testing in [128], [129]. However, in all studies 
they have not considered spatial video resolution as a QoS factor. 
Fuzzy Inference Systems (FIS) have been used in a similar study [130] that has also considered 
one spatial resolution (QCIF). This study has concluded that the FIS-based method outperformed 
the non-linear regression-based method [129] with regard to prediction accuracy. FIS has also 
been used to model a taxonomy of a QoE evaluation system for haptic virtual reality applications 
[131]. Therein, both QoS and QoE parameters have been used as input parameters to estimate the 
overall QoE. Fuzzy logic control has also been used in an application to an H.261 encoder to 
maximize QoE of video [138]. 
Random Neural Networks (RNN) have been adopted by several research efforts in quality 
prediction. A real-time estimator has been proposed by Aguiar et al. utilizing RNN [132], and 
Multiple Artificial Neural Network (MANN) [133] as a prediction engine for abstract Wireless 
Mesh Networks (WMN). However, few parameters from the application and the physical layers 
have been investigated in both studies. Also, Paudel et al. [139] have employed RNN in a quality 
estimation engine in their study of Media Access Control (MAC) parameters‟ effect on QoE. A 
non-intrusive RNN-based method has also been proposed by Ghalut et al. [140] for video quality 
prediction over LTE networks. This work has addressed parameters from both the application and 
physical layers, and relied on PSNR as an objective QoE metric. Further content-focused studies 
have presented a RR metric for 3D video [136] based on PSNR, or just an investigation of QoS 
impact on QoE for videos encoded with High Efficiency Video Coding (HEVC) [137]. Joskowicz 
et al. have extended their parametric model [119] to accommodate random packet loss [134], and 
later, have presented an application of their model [135] on broadcast digital television. A simple 
lightweight non-linear model has also been proposed by Brunnström et al. [43] for no-reference 
video prediction. 
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From this literature review, it can be observed that learning-based techniques, in the Artificial 
Intelligence (AI) domain, have been the prime focus for developing objective QoE prediction 
models. It is also noted that existing proposals of video quality prediction tend to consider either 
the encoder‟s compression artefacts, or network impairments, or the features of video content, but 
rarely all three. 
2.4 Summary 
This chapter introduced the area of research in this thesis, and reviewed the state-of the-art related 
works in this area. First, the general framework of the contributions in the thesis was presented, 
which is the triple-Q model consisting of QoS, QoE, and QoB. Later, the communication system 
was introduced with focus on video communication systems in the wireless environment. In this 
system, the stages where QoS and QoE are affected were explained in detail. These stages are 
video coding, channel coding and modulation, and video transmission protocols. The wireless 
transmission modes studied in this thesis: unicast, broadcast, and multicast, were also described. 
This was followed by an introduction to the multiple access technologies in wireless systems; 
TDMA, FDMA, CDMA, and SDMA. Since the main focus of this thesis is the allocation of 
wireless resources, RRM was presented and the RRM areas studied in the thesis were highlighted. 
Finally, OFDM was explained for it constitutes the core technology upon which the RRA in this 
thesis is based. 
The latter part of the chapter reviewed the related literature in two areas. First, the related work in 
radio resource allocation. This was categorised based on the elements targeted by the algorithms. 
These elements were power, bitrate, quality, and QoE. Second, the related work in QoE 
prediction. Therein, three types of algorithms were presented based on the selection of QoS 
parameters. These were: physical layer parameters, application layer parameters, and joint 
physical and application layers parameters. 
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Chapter 3 
3 QoE-Aware‎Resource‎Allocation 
Demand on multimedia content by consumers‟ handheld devices over wireless channels is on the 
increase. In view of the accelerated trend towards consumption of high quality video, power 
utilization by communications equipment and mobile devices is expected to excessively increase. 
Consequently, energy consumption has attracted significant attention by the research community 
in response to the green initiatives pertaining to electronic equipment and devices. Moreover, 
consumer‟s perceptual quality of video has been another vibrant area of research for its substantial 
significance in the wireless video experience. Hence, it becomes equally important to advance 
more efficient power minimization algorithms in light of the maximisation of user‟s Quality of 
Experience (QoE). Such objectives can be achieved in the wireless domain with novel techniques 
that could efficiently optimise the allocation of wireless resources. However, power minimisation 
algorithms that adopt consumers‟ perceptual quality of video have not received adequate research. 
The work in this chapter proposes a joint optimization of energy and quality requirements in a 
multiuser Orthogonal Frequency-Division Multiplexing (OFDM) environment. A Multi-Objective 
Optimisation Problem (MOOP) is formulated with the aim to identify subcarrier allocations and 
bitrate allocations (rate control) among users such that the total power is minimized, and the 
average quality is maximized. For this, a content-aware and energy-efficient resource allocation 
scheme (CaERAS) is proposed. In CaERAS, energy efficiency is addressed by subcarrier and bit 
allocation based on the genetic and greedy algorithms jointly. Video quality is modelled using an 
objective perceptual quality metric which is mapped to representative bitrates. Later, a trade-off 
between required power and perceived quality is shown and hence the Multi-Objective 
Optimization Problem (MOOP) is formulated. To solve this problem a utility function is derived 
as a third objective in the MOOP. 
Simulation results show that CaERAS, as a low-complexity scheme, outperforms comparable 
standard methods in terms of efficiency and selectivity of sub-optimal solutions. It has achieved 
up to 22.3% in energy efficiency at the expense of a maximum of 5.6% lower quality. 
Furthermore, CaERAS is shown to acquire a sub-optimal solution in as low as 0.0025 of the 
search space in another method, and in 0.00015 of the exhaustive search space. CaERAS‟s 
performance is also tested in three transmission scenarios: unicast, broadcast, and multicast. 
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3.1 Introduction 
The increasingly accelerated consumer demand on multimedia content over mobile devices has 
created proportionate pressure which intensified the challenges confronting wireless 
communication systems. No doubt that QoE represents a substantial challenge to service 
providers nowadays; however, the increase in energy consumption in wireless communications 
has attracted considerable attention as well due to the environmental threat of CO2 emissions. It 
was reported in 2004 that 70%-80% of mobile operators‟ electricity power bills are due to Radio 
Access Networks‟ (RANs) consumption [7]–[9]. This figure would proportionally increase when 
high quality multimedia content is involved. The efforts to reduce energy consumption will not 
only reduce the carbon footprint of wireless networks, but will also lead to significant reductions 
in networks‟ operational cost. 
Efficient resource allocation is one of the important methods used to confront the challenges in 
wireless communications. Optimization-based resource allocation has led to the development of 
numerous optimization algorithms that seek optimal or sub-optimal allocation of resources in a 
network [141]. This door was opened for the first time by Kelly et al. [142] when they formulated 
the resource allocation as an optimization problem. From the perspective of wireless resource 
allocation, adaptive subcarrier and bit allocation is addressed using the multicarrier modulation 
technique Orthogonal Frequency-Division Multiplexing (OFDM). Within adaptive subcarrier and 
bit allocation, researchers have developed several algorithms and techniques aiming at power 
efficiency [54], [61], [62], [55], [63], [64]. Some power allocation techniques focused on power 
minimization solely, whereas others considered content quality as well. However, content quality 
was mainly assessed by analysis of received signal rather than assessing the perceptual quality as 
perceived by consumers. Therefore, due to the momentous importance of energy efficiency along 
with user‟s content quality perception in mobile devices, the work in this chapter focuses on these 
two problems with the aim to address them jointly in a multiuser OFDM environment. 
The contribution in this chapter advances previous achievements by considering the power per 
received bit jointly with the perceptual quality. A balanced bitrate requirement is accordingly 
identified. This identified bitrate is a representative bitrate that incorporates several quality 
aspects of the transmitted video. Thus, rate control represents an intrinsic part of the proposed 
algorithm. An optimal bitrate should satisfy two objectives: high-quality provision and low power 
consumption, targeting utility function maximization. This approach not only addresses the user‟s 
Quality of Experience (QoE) requirement but also helps to reduce the energy requirement for 
users that are assigned higher bitrates unnecessarily. 
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To visualise the standing of the proposed resource allocation work within the 5-layer reference 
model in network communications, Figure  3-1 illustrates a high level diagram with the main 
functions of the proposed work in each layer. In the application layer, video frames are packetized 
in several Network Abstraction Layer (NAL) units, which altogether represent the video bit-
stream. The NAL units are then encapsulated in Real-time Transport Protocol (RTP) packets. This 
RTP packetisation is done by the video encoder. For simplicity, RTP packets are assumed to 
correspond to IP packets in a 1-to-1 relationship. Hence, later when packets are dropped in the 
physical layer it is RTP packets that are dropped. The decision engine of the proposed resource 
allocation scheme is assumed to take place in layer 2. This assumes that all required input data are 
made available therein. The resource allocation decisions are then passed on to the physical layer 
for implementation. In the physical layer, resources such as subcarriers, bitrates, and signal 
modulations are assigned and put into the working order chosen by the resource allocation engine 
from layer 2. 
  
Figure ‎3-1: Projection of the proposed resource allocation work on the 5-layer protocol stack 
To achieve the aim of assessing end-to-end QoE in the design of video transmission, factors from 
different layers of the protocol stack should be included in the design [143]. Accordingly, the 
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resource allocation proposal in this chapter is designed on the basis of a cross-layer framework. 
Thus, in reference to Figure  3-1, bitrate and video encoder parameters are identified in layer 5, 
and transmission errors are identified in layer 1 along with subcarrier allocation to users. 
The rest of this chapter is organized as follows. The simulated OFDM system model is described 
in section  3.2 along with the propagation channel model. In section  3.3, a mathematical 
formulation of the resource allocation problem is outlined. Section  3.4 is devoted to the power 
allocation algorithm used. Section  3.5 introduces the content aware basis of bitrate allocation and 
the video quality modelling methodology. In section  3.6, the proposed content aware and energy 
efficient resource allocation scheme is outlined, while in section  3.7, simulations are presented 
and results are analysed in detail for the unicast, broadcast, and multicast transmission modes. 
Finally, section  3.8 summarises the chapter. 
3.2 System Model 
The considered wireless communications environment is presented in Figure  3-2. A single cell 
Base Station (BS) transmits video to multiple users. The users‟ locations are different and their 
Channel State Information (CSI) is known. The users receive different video contents in a unicast 
mode on dedicated sub-channels assigned to them. Each sub-channel constitutes a selected set of 
subcarriers. In Figure  3-2, the number of assigned subcarriers to a user is denoted i, and the 
subcarriers are denoted S1, S2,…, Si. This simulation environment is presented in Appendix A. 
 
Figure ‎3-2: The wireless communications environment in a unicast transmission 
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3.2.1 Multiuser OFDM system 
A multiuser adaptive OFDM system is considered as demonstrated in Figure  3-3. The rate and 
subcarrier allocation algorithm allocates bits from users to subcarriers. The gain on each 
subcarrier as experienced by each user is denoted by Channel State Information (CSI). With this 
channel information, the resource allocation algorithm assigns subcarriers to users and a number 
of bits per symbol on each subcarrier. This allocation information (in the form of an allocation 
vector) is assumed to be sent over an auxiliary channel at the beginning of the next radio frame 
transmission. 
The adaptive modulator selects the modulation scheme for a subcarrier according to the number 
of bits assigned as indicated in Table  3-1, and the transmit power level is adjusted accordingly. 
Symbols are transformed into time domain by Inverse Fast Fourier Transform (IFFT). In the time 
domain, a guard interval is added to ensure subcarrier orthogonality. Hence, different subcarriers 
convey the signal to multiple users. 
Table ‎3-1: Capacity of the used modulations in bits per symbol 
Modulation Bits/symbol 
BPSK 1 
QPSK 2 
16QAM 4 
64QAM 6 
 
The receiver removes the guard interval, and FFT transforms the time samples into symbols. It is 
assumed that bit and subcarrier allocation information is received over an auxiliary control 
channel. This information is used to demodulate the symbols and extract data bits for each user 
from the assigned subcarriers. 
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Figure ‎3-3: Multiuser OFDM system with rate and resource allocation 
In this model, the modulation schemes given in Table  3-1 are considered. The simulations are 
based on the number of bits per second per Hertz (bps/Hz). Hence, at a given instance of time, one 
symbol is transmitted on each subcarrier. Therefore, the number of data bits transmitted (1, 2, 4, 
or 6 bits) depends on the selected modulation. 
Over a period of time, the modulation chosen for a user subcarrier would change with the adaptive 
modulation capability. However, the resource allocation problem presented in this work is based 
on solving the problem at a given instance of time; i.e., it assumes a snapshot of the system is 
taken at some instance and studied. Such a snapshot represents one OFDM transmission frame. 
Hence, the subcarrier gains represented by instantaneous channel state information (CSI) are 
assumed to be corresponding to the OFDM frame being transmitted. 
In adaptive modulation, Hz indicates to the modulation rate, i.e., the frequency at which signal 
modulations can occur. The spectral bitrate considered in the simulated OFDM system is in 
bps/Hz. Hence, an average video bitrate V (per user) in bps can be expressed in bps/Hz, knowing 
the channel bandwidth BW as follows 
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The denominator in ( 3.1) calculates the effective frequency bandwidth of a single subcarrier in 
Hz. Dividing the average video bitrate V by the bandwidth of one subcarrier calculates the user 
required bitrate (bps/Hz) per Hz, a.k.a. the bitrate required by the user in each transmission cycle 
(OFDM frame transmission). This required bitrate (in bps/Hz) can be distributed over several 
subcarriers assigned to the user. It is noted that the average video bitrate V corresponds to a 
certain quality level of the transmitted video, as explained later in subsection  3.5.2 (page 60). 
For its efficiency in multi-user environments, OFDM can be applied in unicast, broadcast, and 
multicast transmission modes. Therefore, all three modes are tested in this work. In multicast, 
users become subscribers in multicasting groups since each group is transmitted an exclusive 
video content on exclusively assigned subcarriers. Therefore, in multicast, the same OFDM 
system model in Figure  3-3 applies, except that users are replaced with multicasting groups. So in 
reference to Figure  3-3, the groups‟ required bitrates are identified from video encoders and 
consequently used with subcarrier and worst user channel state information (CSIs) by the 
allocation algorithms. The rest of the OFDM system stages are similar to those described in 
Figure  3-3. At the receivers‟ side, the bit and subcarrier allocation information is used to 
demodulate the symbols and extract the data bits from each group‟s allocated subcarriers. 
3.2.2 Channel Model and Channel State Information (CSI) 
It is assumed that instantaneous channel gain on each subcarrier for each user is known to the 
transmitter. This gain is represented by Channel State Information (CSI) which incorporates 
several aspects such as noise and fading effects. It is also assumed that the channel is slow-fading, 
which means CSI remains constant and does not change during each OFDM transmission block 
[144]. This is to avoid allocating resources based on obsolete CSI. Therefore, CSI estimation error 
is negligible. The CSI simulation is further explained in Appendix A. 
The instantaneous channel state information (CSI), represented by the gain on each subcarrier for 
each user, is based on the Rayleigh fading channel and is generated by [56], [145] 
    
 
√ 
 | (   )  (   (   ))| ( 3.2) 
where ʋ(S,N) is a function used to generate Gaussian normally distributed pseudorandom numbers 
with zero mean and unity variance for S subcarriers and N users. As seen in ( 3.2), two Gaussian 
random generators are required using ʋ(S,N), one generator for the real part and another generator 
for the imaginary part of the complex envelope for the Rayleigh channel. The magnitude of the 
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complex envelope is calculated and scaled by   √  to keep the mean close to unity. An example 
of generated subcarrier gains using ( 3.2) is shown in Figure  3-4 for a single user. 
 
Figure ‎3-4: Example of subcarrier gains generated for a user based on (‎3.2) 
This method of generating an estimated CSI, based on ( 3.2), is suitable for modelling subcarrier 
gains in a Rayleigh channel for several reasons. The equation models the phase and amplitude 
changes introduced by the channel. Also, each transmitted symbol is multiplied by a randomly 
varying complex number because the channel itself is randomly varying over time. In addition, 
since the real and imaginary parts are Gaussian normally distributed, the gains on adjacent 
subcarriers are relatively close. Moreover, the effects of different user locations, multipath fading, 
and noise are assumed to be accommodated in the randomly generated gains in ( 3.2). 
For a multiuser frequency selective fading channel, two aspects of subcarrier gains should be 
noted. First, each user will experience different fading levels (and hence gains) on the allocated 
subcarriers due to the diversity of frequencies of allocated subcarriers. Second, the gain on the 
same subcarrier will vary independently among users; i.e., each user will experience a different 
level of fading on a particular subcarrier because users are assumed to be at different locations 
[59]. 
In the cases of broadcast and multicast, CSIs vary among different users. It is obviously required 
that each subcarrier assigned to a group of users is guaranteed signal reception by all its member 
users by considering each user‟s CSI. Considering reception signal quality by subscribers, the 
transmitter would follow one of two paradigms. Either a transmission at a predefined power level 
regardless of receivers‟ channel conditions, or a transmission that considers channel conditions of 
the worst receiver. The latter would guarantee a successful reception by all group subscribers. 
Therefore, to guarantee a successful demodulation of received symbols by all mobile subscribers 
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in a group, the worst receiver case is adopted in this work. Hence, on each subcarrier the 
minimum gain among all mobile subscribers is accounted for transmission power. 
3.3 Problem Formulation 
The aim is to attain an optimal allocation of data bits to multiple receivers targeting the minimal 
transmit power and the highest perceived content quality. Hence, the problem exhibits two 
inversely proportional functions: required transmit power and received perceptual quality, which 
are both functions of bitrate. Therefore, the content-based bitrate requirement of each user shall be 
satisfied subject to the individual instantaneous channel conditions per user. 
The required received power for the reliable reception of a single symbol by the receiving device 
is denoted by r(b) [54], [55], [62], [63]. This is the minimum required power (in energy per 
symbol) in a subcarrier to guarantee reception and demodulation of b information bits/symbol 
when the subcarrier‟s gain is equal to unity. 
 ( )  
  
 
[   (
  
 
)]
 
(    ) ( 3.3) 
N0 is the single-sided noise power spectral density level, which is assumed equal to unity (N0=1) 
for all subcarriers and all users. Pe is the bit error rate (BER), and Q
-1
 is the inverse Q function 
[54]. 
It should be noted that the required received power, r(b), calculated in ( 3.3) is of a logarithmic 
scale. Therefore, in order to calculate the total power, by addition, for several subcarriers allocated 
to a user or even for several users altogether, r(b) for each subcarrier need to be converted to an 
absolute scale of power units first, then addition can be applied. r(b) is expressed in absolute 
power units using 
 ( )       
(
 ( )    
  
)
 
( 3.4) 
Hence, in all transmit power calculations from now on, r(b)abs. is the considered form of received 
power whenever r(b) is used. 
Assuming N number of users and S number of subcarriers, the required transmit power, Pn,s, 
allocated to the sth subcarrier by the nth user is 
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  (    )
    
  ( 3.5) 
such that α denotes the gain on the sth subcarrier for the nth user, subject to the current channel 
state conditions. Consequently, the minimal total transmit power problem is followed by 
      ∑∑
  (    )
    
 
 
   
 
   
 ( 3.6) 
given bn,s ϵ {0, 1, 2, …, M}, where M is the maximum number of data bits per symbol a subcarrier 
can carry. However, ( 3.6) is constrained by two conditions 
    *     +    ∑    
 
   
 ( 3.7) 
to guarantee the data rate requirement per user, Dn, is accommodated by allocated subcarriers, and 
    *     +                  ́       ́      
                 ́ 
( 3.8) 
to ensure each subcarrier is assigned to one user only. To address the power minimization 
problem in ( 3.6), a joint optimisation algorithm, presented in section  3.4.3 (page 57), is adopted 
for subcarrier, bit, and power allocation. 
To better understand the transmit power calculation model, an example is explained as follows. 
There exists a certain level of transmit power that if received by the receiver then the receiver will 
be able to demodulate the received symbol. So it is a minimum power level to guarantee reception 
of the symbol being sent. This power level is assumed when the gain, αn,s, at the receiver is = 1 
and calculated by ( 3.3). For example, if the gain, αn,s, is 1.2 (received signal amplified) then the 
required transmit power will be less, and if the gain, αn,s, is 0.75 (received signal attenuated) then 
the required transmit power will be more. In both cases the required received power to 
demodulate the symbol is the same (calculated when αn,s=1). However, in the interest of power 
minimization, the received power is not as important as the transmit power. 
Received video quality, qn, is assessed for N users with the aim of maximizing the average 
perceived quality, Qavg, by 
Chapter 3. QoE-Aware Resource Allocation 
 
52 
         
 
 
∑  (  )
 
   
 ( 3.9) 
Quality modelling, which is represented by the rate–distortion (R–D) relationship of simulated 
videos, is introduced in section  3.5 (page 60) and its results are presented in section  3.7.2 (page 
70). This relationship shows that content quality is a function of user-required bitrate (Dn) prior to 
transmission errors consideration. Moreover, this R–D relationship helps to identify realistic 
upper and lower bounds of a practical bitrate for each user, n, such that Dn,lower ≤ Dn ≤ Dn,upper. 
These bounds represent the search space in the apparent optimization and trade-off problem 
between minimum power and maximum quality for a number of N users. The relationship 
between energy and achieved quality was also studied in previous research [10], [95], [96], [99], 
[100], [146] which showed a fundamental trade-off between energy and quality in wireless 
networks. 
Apparently, in a multiuser OFDM channel transmission, searching for an optimal set of bitrate 
allocations formulates a non-deterministic polynomial (NP-hard) problem in terms of reduced PT 
and increased Qavg. The size of the solution space can be calculated by 
∏(                  )
 
   
 ( 3.10) 
Each solution is represented by a set of data rates {D1, D2, D3, …, DN} and will result in different 
PT and Qavg. The optimal solutions shall satisfy either of these conditions 
                                 ́           
    ́                ́         
      ́                                  
( 3.11) 
or 
                                 ́           
      ́                 ́       
      ́                                  
( 3.12) 
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However, the introduced group of optimal solutions exhibits a Multi-Objective Optimization 
Problem (MOOP) that outcrops by the trade-off between PT and Qavg both being a function of data 
rates. In MOOPs, such a problem is escalated to a decision maker to identify a single optimum 
solution. Hence, a utility function is derived with a maximization target to the interest of the 
service provider, as follows: 
      {∑(    )
 
   
 ∑(    )
 
   
} ( 3.13) 
with arbitrary parameters, ω,τ, such that ω denotes the unit price of quality as sold to the customer 
and τ symbolizes the unit cost of power. By proposing this utility function, it is assumed that a 
charging model exists such that the user pays based on the level of content quality received. It is 
also assumed that ω is locked for all video content of the same spatial resolution, but can vary 
otherwise. Evaluation of this utility function leads to a deterministic solution of bitrate allocations, 
Dn, which secures the provision of increased content quality at a minimal transmit power while 
utility, f, is maximized. 
Conceptually, this utility function ( 3.13) is developed on the basis of research-proposed pricing 
schemes [46] that conjoin supplied bitrate with consumed energy in a cost-benefit analysis 
approach. In the adaptation pricing scheme [46] the utility is associated with the bitrate supplied 
to each user and the battery cost of supplying this bitrate. In a similar manner, the proposed utility 
function ( 3.13) is developed with the focus on QoE instead of bitrate, considering the cost of 
energy with the benefit of quality price. 
3.4 Power Allocation 
In a multiuser multicarrier OFDM environment, given the characteristics of multipath fading, the 
problem of allocating data bits to subcarriers to users in an energy-efficient fashion is a NP-hard 
problem. Subcarrier allocation to users can potentially take any pattern, unless an objective of 
optimality is targeted. This is also drawn to bit allocation to subcarriers. Consequently, the 
required energy to transmit data bits can vary widely among different allocations of subcarriers 
and bits. Adaptive multicarrier allocation in OFDM provides the means to handle this challenge. 
Accordingly, a sub-optimal solution is designed to address this problem in a two-stage approach, 
with the target being to identify a sub-optimal allocation with minimal energy consumption. First, 
the genetic algorithm is applied for convergence to a sub-optimal solution of subcarrier allocation 
to users. Second, the greedy algorithm is employed within the allocated subcarriers to each user 
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from stage 1, to achieve an optimal solution of bit allocation to subcarriers for that particular user. 
Consequently the minimal required total transmit power is calculated and the 2-stages are iterated 
until a near-to-optimal solution of total transmit power is attained. 
3.4.1 Genetic Algorithm in a Multiuser Environment 
In the first stage, the evolutionary genetic algorithm is applied for convergence to a sub-optimal 
solution of subcarrier-to-user allocation. Inspired by an analogy to biological evolution, Genetic 
Algorithms (GA) [147]–[149] demonstrate a harmonious solution to the problem at hand. 
A typical GA operates by searching a space of candidate hypotheses to identify the most fitting 
hypothesis. A pool of hypotheses (population) is iteratively updated with each hypothesis 
(chromosome) being evaluated against a pre-defined fitness function. The most fit chromosomes 
are then qualified to the next generation population in which all members are re-evaluated until 
the optimum fitness is attained or a number of iterations is exhausted. Thus, the process converges 
until the desired solution is accommodated in the last population. 
This characterization nominates GA as a suitable approach to address the minimum power 
problem of subcarrier-to-user allocation in multiuser OFDM [55], [62]. The effectiveness of GA 
is demonstrated in [62] and shown to outperform the allocation algorithm proposed in [54]. 
Figure  3-5 illustrates how GA chromosomes are applied in the subcarrier-to-user allocation 
problem. 
 
Figure ‎3-5: GA in the subcarrier-to-user allocation problem 
After formulating a proper fitness function to a given problem, essentially, the basic form of GA 
processing consists of the following steps: 
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Initialization: 
Generate a random population of   chromosomes. When decoded, each chromosome will 
represent a different solution to the problem at hand, and is represented by a number of 
binary elements,  . 
Selection: 
Each chromosome (solution) is tested against the fitness function and assigned a fitness 
score    reflecting how good it is as a solution. A proportion   of the population‟s best 
solutions is selected and carried over to the next stage. 
Crossover and Mutation: 
The selected parents take part in a process to create a new generation by means of 
crossover and mutation. Depending on a crossover rate,   , the genes (bits) from each 
selected chromosome are crossed-over at a randomly chosen point. Then a number of bits 
are flipped based on the mutation rate,   . This process is repeated until a new 
population of   members has been created. 
The new population is then taken through the selection and crossover and mutation steps until a 
best fit solution is observed or a pre-defined number of iterations is consumed disclosing the best 
fit solution. 
A MATLAB
®
 implementation of this algorithm [150] is used in conjunction with the greedy 
algorithm to simulate the resource allocation problem at hand, and to obtain a sub-optimal power 
allocation solution. The simulation environment of the algorithm is presented in Appendix A. 
3.4.2 Greedy Algorithm for a Single User 
In the second stage, the greedy algorithm [151] represents a simple yet optimal solution to the bit-
to-subcarrier allocation problem for a single user. Within the allocated subcarriers to user n (from 
first stage), the greedy algorithm is employed to achieve an optimal minimal power solution of 
bit-to-subcarrier allocation for this particular user. 
Hence, for a given user, n, an allocated set of subcarriers, Gn={g1, g2, g3, …, gm} ϵ S, are subject to 
subcarrier state information (CSI) which is represented by the gain, αn,g. The transmit power 
required is derived from ( 3.5) to be 
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  (    )
    
 
 
   
 ( 3.14) 
provided that the total number of required bits for user n is 
   ∑    
 
   
 ( 3.15) 
Consequently, the required transmit power for all users comprises the total minimal transmit 
power, PT. 
A greedy algorithm allocates bits to subcarriers one bit at a time. In each allocation, the subcarrier 
requiring the least additional power is selected. This process is repeated until all required R bits 
are assigned. The outcomes are the optimal allocation of bit-to-subcarrier and the amount of 
minimum required power. The general structure of the greedy algorithm consists of 3 steps [54], 
[151]: 
Initialization: 
For all  , let      and     , ( )   ( )-   
 ; 
Bit Allocation Iterations: 
Repeat   times: 
 ̂              
  ̂    ̂     
   ̂  , (  ̂   )   (  ̂)-   ̂
   
End; 
Finish: 
 *  +   
  is the final bit allocation solution. 
In the initialization step, the additional power,    , required for an additional bit transmission,   , 
is determined for each subcarrier,  . Thereafter, in the 2nd step the additional one bit is assigned to 
the subcarrier with minimum required power, and the new additional power of that subcarrier is 
updated. Until   iterations are performed, in the final step we get the optimal solution set of bit-
to-subcarrier allocation. 
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Apparently, the optimal solution is dependent on  (  ), the required received power, which in 
turn is dependent on the modulation scheme corresponding to   . Therefore, a symbol on a 
subcarrier is modulated depending on  (  ) and   in order to minimize the required transmit 
power. 
The required transmit power for a user depends on the required bitrate by the user,  , as well. 
Hence, to demonstrate the bitrate-to-power relation, a range of bitrates are tested to show the 
minimal required power for a user based on the greedy algorithm, and the results are plotted in 
Figure  3-6. This is tested at different bit-error-rates (pe) and repeated for 100 different CSIs, thus 
the error-bars are used to show the confidence level of data. 
 
Figure ‎3-6: Transmit power as required by a range of bitrates for a single user 
It can be noted from Figure  3-6 that at a high BER the required power is less than that at a low 
BER. This relationship can be described as follows. When the BER is high this is due to the low 
energy used in transmitting a symbol. Also, when the BER is low this means a high level of 
energy is used to transmit the symbol hence the symbol is more robust towards bit errors. 
3.4.3 Joint Power Allocation Algorithm 
To exploit the features of both the genetic and the greedy algorithms, a joint algorithm is 
developed, as presented in Figure  3-7. The joint algorithm suggests an energy-efficient solution of 
subcarrier and bit allocation in OFDM multiuser environments. In this algorithm, power 
minimization is addressed for multiple users altogether and instantaneously because one 
subcarrier can only be assigned to one user at a time. 
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Figure ‎3-7: Joint subcarrier and bit allocation algorithm for efficient power allocation 
The scheme initializes GA with a randomly generated population of binary chromosomes that 
represent various subcarrier-to-user allocations. Then, the greedy algorithm, considering 
subcarrier CSIs, is used to calculate the minimum power allocated to each user, and accordingly, 
the total power of all users, PT, for this particular chromosome. Hence, PT  represents the fitness 
score of the chromosome. The GA selects the chromosome with the minimum fitness score (PT) 
and continues to generate a second population while keeping only the selected (survivor) 
chromosome in the new population. Since the minimum total power is always PT > 0, this process 
continues for a predefined number of iterations and the last survivor of the last population is taken 
as the sub-optimal solution of minimal total power. 
To evaluate the performance of this joint scheme, it is compared with two other static OFDM 
allocation schemes: OFDM-Frequency Division Multiple Access (FDMA) and OFDM-Time- 
Division Multiple Access (TDMA), see section  2.2.3 (page 27) for details. In all three schemes, 
the GA-based, the FDMA, and the TDMA, subcarrier allocation is independent of the channel 
gain of each user. However, instantaneous channel information (CSI) is considered by the greedy 
algorithm for optimum power allocation. Therefore, for the sake of comparison fairness, the 
greedy algorithm‟s Optimal Bit Allocation (OBA) is engaged for the three schemes. The three 
methods are compared for the same generated sets of CSIs. A CSI set contains the randomly 
generated gains for each user on each subcarrier. To attract confidence in the collected results, 
Generate population 
of solutions
Greedy Algorithm 
for user n
Accumulate 
Total Power
PT=PT+Pn
Finished all 
users?
Assign PT as fitness 
score to solution y
Finished all solutions 
in population?
Select survivors based on 
minimum fitness score
Crossover and mutate
Next iteration
No
No, next user
Repeat for 
solutions 1 to Y
Repeat for
users 1 to N
Next solution
Finished all 
iterations?
Best solution with 
minimal fitness score
Yes
Yes
No
Yes
Initialize Genetic Algorithm
Chapter 3. QoE-Aware Resource Allocation 
 
59 
100 CSI sets are generated and the total power is calculated for each set, then the average power is 
observed. The simulation environment of this power scheme is presented in Appendix A. 
The performance comparison is conducted according to the OFDM system model described in 
section  3.2 (page 45). The three allocation schemes are tested for N=4 users assuming an OFDM 
channel of S=32 subcarriers. The four users are assigned bitrates of 10, 10, 13, 24 bits 
respectively; and a range of BER values (       
            ) are tested. For the GA-based 
method, the GA parameters used are similar to those in Table  3-4 (page 70), apart from the 
chromosome length β=64 bits. 
Results in Figure  3-8 and Figure  3-9 demonstrate a significant efficiency of the proposed GA-
based joint algorithm. Where TDMA slightly surpasses FDMA, both are outperformed by the 
GA-based. Moreover, Figure  3-9 shows that the overall power efficiency with the GA-based 
algorithm increases as user bit-rate increases. So the greater the bitrate the more energy efficiency 
achieved. This reassures the performance advantage of the GA-based method with regard to a 
range of user required bitrates. Consequently, the GA-based joint algorithm is acknowledged for 
the QoE-aware resource allocation work thereafter in this chapter. 
 
Figure ‎3-8: Performance of power allocation algorithms with respect to bit-error-rate 
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Figure ‎3-9: Performance of power allocation algorithms with respect to user required bitrate 
3.5 Content-Aware Video Quality Modelling 
3.5.1 Content-Aware Approach 
As the required transmit power is a function of bitrate, so is the quality of the transmitted video. 
From this perspective, identifying the proper bitrate in a multiuser unicast video transmission 
becomes a crucial element of the problem since a high bitrate would result in excess power for 
unnoticeable quality in the video. In contrast, a low bitrate would result in tremendous power 
saving for a poor user experience. 
Drawing on the importance of user‟s quality of experience (QoE), this work employs a perceptual 
video quality metric to identify an appropriate bitrate allocation to users. The NTIA general Video 
Quality Model (VQM) [39] is selected based on its performance and accreditation by both ANSI 
[40] and ITU [41] as an objective video quality assessment standard. In the conducted 
experiments, the test video sequences are encoded at different quality levels and exposed to 
information loss, and then the average video quality is measured with VQM. The measured VQM 
(QoE) is mapped to the corresponding bitrate. Deriving the required bitrate on this basis offers the 
advantage of incorporating several quality aspects and video content characteristics into a 
representative bitrate. Hence, this approach is called the content-aware approach. 
3.5.2 Quality Modelling 
The aim of quality modelling is to establish a mapping between video bitrate and video quality so 
that the required data bits by a user can be identified based on the targeted video quality for that 
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user. In a real-time scenario, such a mapping would not yet exist, as it is content dependent and 
fluctuates according to bit errors at transmission time. Therefore, in this work, quality modelling 
is developed on an off-line basis, and it is assumed that such a mapping will be made possible on 
practical grounds. The simulation environment of quality modelling is presented in Appendix A. 
Figure  3-10 depicts the process followed to develop the required mapping of video bitrate to video 
quality. Each video sequence is source coded based on the H.264/AVC standard [48], utilizing the 
H.264/AVC JM Reference Software [152]. Varying levels of the encoder Quantization Parameter 
(QP) are used to generate different quality levels of each sequence. The average video bitrate of 
each sequence is also recorded for later mapping with the quality metric. To simulate transmission 
errors on the physical layer, the encoded .264 bit-streams are exposed to packet loss patterns, 
which interpret disparate levels of bit-error-rates, Pe (10
-5
, 10
-4
, 10
-3
). The packet loss traces are 
generated based on the Gilbert-Elliot Model [153], [154] considering the assumed video coding 
parameters. A detailed description of this error generation method is explained in the following 
section  3.5.3. In the final stage (QoE metric), average video quality is measured with VQM [39], 
[155]. The recorded quality on the VQM scale is mapped to the corresponding recorded average 
bitrate. This mapping is represented by rate–distortion (R–D) diagrams, which reveal the bitrate 
requirement of each video in order to achieve a particular level of quality perception. This method 
caters for any type of video content carrying any characteristics, since end-to-end video 
transmission conditions are incorporated altogether in the identified representative bitrate. 
For increased confidence in the collected data, the process of generating packet errors is repeated 
10 times per BER per encoded video, and the average VQM is computed later. 
 
Figure ‎3-10: Quality modelling for the test video sequences 
3.5.3 Packet Loss Model 
Transmission bit errors are simulated by introducing burst packet losses to the transmitted packet 
stream. Bit losses are distributed as bursts with a Mean Burst Length (MBL) along the bit loss 
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trace. Thereafter, the bit loss trace is mapped into a packet loss trace such that a lost bit in any 
given packet is considered a loss of the packet. 
Packet loss traces considered for this simulation are generated using the simple Gilbert-Elliot 
model [153], [154], which is a widely used model to simulate burst packet losses in transmission 
channels. Moreover, Gilbert-Elliot packet loss model is well known to approximate the packet 
loss of the Rayleigh fading channel with high accuracy [156], [157]. 
To abstract the layers from the application layer to the physical layer, the Network Abstraction 
Layer (NAL) units (encapsulated in RTP packets) are used to represent the packets received or 
dropped. This layers abstraction concept assumes that channel coding is present in order to 
identify which packets to drop as packets are received. However, to simplify the problem, no 
channel coding schemes were employed in the simulation because channel coding would only 
increase the required bitrate, which will not affect the purpose of the simulation. The purpose of 
the quality modelling simulation is to map the bitrate to perceptual video quality at different levels 
of bit error rates. Hence, performance of the resource allocation algorithm will not be affected 
whether a channel coding scheme is literally used or not. 
The Gilbert-Elliot packet erasure model is based on a Markov chain with two states, GOOD and 
BAD, as illustrated in Figure  3-11. 
 
Figure ‎3-11: Two-state Markov model 
Accordingly, the probability of switching from state GOOD→BAD is denoted as PGOOD→BAD, 
while the probability of switching from state BAD→GOOD is denoted by PBAD→GOOD. The 
probability of a packet loss in state GOOD is denoted as PGOOD and the probability of a packet loss 
occurring in state BAD is denoted as PBAD. Then, the steady state packet loss rate is defined as 
[154] 
GOOD
PGood
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PBAD
PGOOD→BAD
1 − PGOOD→BAD
PBAD→GOOD
1 − PBAD→GOOD
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 ( 3.16) 
It is commonly assumed that no packet losses occur in state GOOD and all packets are lost in 
state BAD [158]. Accordingly, the PLR is calculated by 
    
         
(                   )
 ( 3.17) 
In similar vein to [159], the MBL of the packet loss trace is 
    
 
         
 ( 3.18) 
In Gilbert-Elliot model, the probability of a packet being lost or received depends on the previous 
packet, and this is how bursts of lost packets are produced. Therefore, in the generation process 
once the state in the model is moved to BAD, the role of the MBL is to keep the state in BAD for 
as long as it satisfies the required burst size (MBL). 
Consequently, packet loss traces of sufficient length for the encoded video packets are generated. 
An example is illustrated in Figure  3-12 to show the distribution pattern of an error trace when 
bit-error-rate is 10
-3
. Indeed, 10 different versions of each trace are produced to simulate 10 
different instances of transmission errors. This is an analogy to real-life transmission where errors 
start at random instances of time. 
 
Figure ‎3-12: Pattern of a packet loss trace when Pe=10
-3
 
3.6 Content-Aware and Energy-Efficient Resource Allocation Scheme 
In a multi-user multi-carrier OFDM transmission of video content, considering the perceptual 
video quality and energy consumption, the allocation of wireless resources represents a 
challenging non-deterministic polynomial (NP-hard) problem. On the one hand, video quality 
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relies on the assigned bitrate to each receiver. On the other hand, the transmit energy required by 
the same bitrate depends on instantaneous channel state of each subcarrier allocated to each user. 
Also, it becomes evident that the less the data rate the less the power required. Hence, power can 
always be decreased by providing lower data rates; however, this will result in poor video quality 
at the user‟s end. Therefore, video quality is introduced as a counteractive objective to limit the 
lower extent at which data rates could reach. In fact, increasing the quality will cause the data rate 
to rise. Apparently, a trade-off between total required energy (PT) and average achievable quality 
(Qavg) is observed with both being functions of bitrate, as shown earlier in section  3.3. This 
conflicting relation develops the multi-objective problem, with the aim to minimize required 
energy and maximize received content quality by identifying the proper data rate to allocate to 
each receiver simultaneously. 
Accordingly, the resource allocation problem is twofold: allocation of subcarriers to users, and 
allocation of bitrate to users based on the requirement of received video. Considering the 
instantaneous channel state on each user‟s allocated subcarrier, a Multi-Objective Optimization 
Problem (MOOP) is formulated. The key question is: What is the optimum bitrate and subcarrier 
allocation among users that will attain minimum PT at high Qavg for a maximum utility value, f ? 
Therefore, the evolutionary genetic algorithm (GA) is nominated as a suitable technique to 
achieve a sub-optimal solution for the problem at hand. 
The development of the proposed resource allocation scheme has taken two stages. In the first 
stage, two nested genetic algorithms (GA) were used. The second stage developed a significantly 
enhanced version of the first stage, where the nested two genetic algorithms (GA) were merged 
into a single GA for global optimization of the problem. Both stages are explained in the 
following sections. The optimisation frequency of the proposed resource allocation scheme is 
assumed to be equal to the frequency of the radio channel. That is, for every OFDM transmission 
frame, the scheme seeks the optimal allocation of resources. The practicality concern of this 
assumption is left for future work; however, it is assumed that the computational requirements of 
the scheme can be fulfilled by operating on machines of a very high processing power that 
exceeds the radio channel frequency. 
3.6.1 Resource Allocation Scheme with Two Nested GAs 
In the first stage of this research, the proposed scheme uses the genetic algorithm (GA) twice in a 
nested manner: once in bitrate searching and once in subcarrier allocation. Hence it searches for 
subcarrier allocation within the bitrate allocation. 
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Figure ‎3-13: Resource allocation scheme with nested two-levels of genetic algorithms 
The block diagram in Figure  3-13 shows the processing flow of the resource allocation scheme in 
its basic form, which is based on using GA twice. First, a generation of chromosomes is generated 
that suggests bitrate assignment to users. Each chromosome (solution) is taken as a candidate 
solution and average quality is calculated based on the proposed quality model. To calculate the 
power budget of the solution, the joint power allocation algorithm is utilised. This algorithm, 
presented earlier in section  3.4, is another round of GA; i.e., another population of suggested 
subcarrier-to-user allocations is generated and iterated until a sub-optimal power allocation is 
reached. Thereafter, the second chromosome of the first GA is taken into a similar process. 
This scheme achieved good results; however, it was inefficient in terms of processing time. 
Therefore, to overcome this inefficiency, the scheme is developed in its second stage to a lower 
complexity version that utilises one GA for global optimisation of the MOOP. 
3.6.2 Resource Allocation Scheme with One Global GA (CaERAS) 
This is the second stage of this research task, where a significant enhancement is carried out to the 
optimization scheme presented in the previous section (section  3.6.1). The nested two genetic 
algorithms (GA) are merged into a single GA for global optimization of both algorithms. This has 
introduced substantial performance efficiency with lower complexity in the proposed algorithms. 
Process merging is performed on the chromosome structure and decoding level. Hence, the GA‟s 
binary chromosome is formed, as shown in Figure  3-14. Thanks to the binary representation of 
data, any number of users, subcarriers, or bitrate allocations can be accommodated by this 
chromosome. Accordingly, during the optimization process, a single GA is used to search for a 
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sub-optimal solution of both: users‟ required bitrates and subcarrier and bit allocation. The 
acquired sub-optimal solution shall satisfy the aforementioned objectives of PT, Qavg, and f in 
( 3.6), ( 3.9), and ( 3.13) respectively. 
 
Figure ‎3-14: Structure of GA binary chromosome in the proposed scheme 
The proposed scheme to address the MOOP is the Content-aware and Energy-efficient Resource 
Allocation Scheme (CaERAS). Figure  3-15 illustrates a high-level block diagram of the CaERAS 
scheme, identifying input/output elements. Once the input parameters are known to the OFDM 
channel, the optimization algorithms will propose the most sub-optimal allocation of bitrates and 
subcarriers among users, which satisfy the targeted objectives of minimum energy and maximum 
quality for a designated utility function. 
 
Figure ‎3-15: Main components and I/Os of the CaERAS scheme 
CaERAS initiates the search for a solution through four main stages, as presented by the 
algorithmic flow in Figure  3-16. First, a search for a solution is initiated by generating and 
decoding a random GA population of chromosomes that take the structure in Figure  3-14. Second, 
the power allocation scheme extracts the decoded bitrate and subcarrier data of each chromosome 
and employs a greedy algorithm to calculate minimum total power of the chromosome. Third, the 
associated average video quality is acquired through R–D relations. Fourth, a utility score is 
evaluated to value the candidate chromosome. This process is repeated as a GA problem until a 
number of predefined iterations are exhausted. The solution with maximum f is considered the 
surviving sub-optimal solution. 
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Figure ‎3-16: Schematic diagram of the proposed CaERAS scheme 
To further clarify the subcarrier, bit, modulation, and user allocation as generated by a population 
of chromosomes, Figure  3-17 illustrates an example of a detailed snapshot of a sample allocation 
(subcarrier-to-user and bitrate-to-user and bit-to-subcarrier allocation). This snapshot is taken just 
after chromosomes are decoded in Figure  3-16, and indicated by the oval highlighted shape at the 
end of chromosome decoding in Figure  3-16. 
 
Figure ‎3-17: Example of resources as allocated by a population of decoded chromosomes 
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3.7 Simulation and Results 
3.7.1 Parameter Settings 
The simulation scene consists of three main parts, the transmitted video, the communications 
channel, and the optimization algorithms. Parameter settings of each are presented in the 
following subsections. The simulation environment is further explained in Appendix A. 
3.7.1.1 Video Coding Parameters 
Parameter settings of the selected video sequences and video coding are elucidated in Table  3-2. 
Therein, the range of QP size is selected to obtain diverse quality levels of the coded video. The 
size of NAL units has been well-studied by researchers for packet-switched multimedia 
applications. In one 3GPP recommendation it was recommended to be in the range of 100-750 
bytes [160], and a second 3GPP recommendation was more specific by advising a NAL size 
smaller than 512 bytes [161] for RTP packetized video. Therefore, 500 bytes is the chosen NAL 
unit size in this simulation. 
Table ‎3-2: Parameters of video sequences and video coding 
Parameter Value 
Spatial resolution SD (720×576) 
Temporal resolution (Break dance, GT Fly) 15 fps 
Temporal resolution (Interview, Tractor) 25 fps 
Number of frames 200 
YUV Format YUV 4:2:0 
Encoder quantization parameter (QP) 24, 32, 40, 48 
Slice Size (NAL unit) 500 bytes 
Sequence type IPPP 
Output File Format RTP Packet 
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3.7.1.2 Communications Channel Parameters 
Parameters of the communications channel are determined in Table  3-3. The allocation algorithm 
considers 1, 2, 4, 6 and 0 bits/symbol to represent modulation schemes BPSK, QPSK, 16QAM, 
and 64QAM, respectively. However, 0 is needed to indicate that no data can be conveyed on a 
particular subcarrier. 
Table ‎3-3: Parameters of communications channel 
Parameter Value 
OFDM Channel bandwidth 4 MHz 
Number of subcarriers 32 
Number of users 4 
Bit error rate (Pe) 10
-5
, 10
-4
, 10
-3
 
Channel model Rayleigh fading 
Channel state information (CSI) Rayleigh model - 100 variations 
Modulation schemes BPSK, QPSK, 16QAM, 64QAM 
Modulation bitrate 1, 2, 4, 6 (bit/symbol) 
 
Since this work studies resource allocation in a given instance of time, instantaneous channel state 
information (CSI) may not express a representative CSI. Therefore, the simulations are repeated 
for 100 different sets of CSIs for each user. The average is then computed for allocated power. 
3.7.1.3 Genetic Algorithm Parameters 
Parameter values used in the global optimization GA are listed in Table  3-4. Hence, the binary 
chromosome is represented by      bits. The first 20 bits are used for user bitrates so each 5 
bits suggest a single user bitrate between 0 and 31. The remaining 64 bits are used for subcarrier 
to user allocation such that each subcarrier (of the 32 subcarriers) is designated by 2 bits whose 
decimal value indicates the user number. GA is initialized with a random population of      
chromosomes. In evaluation stage, the greedy algorithm is employed within each user‟s assigned 
subcarriers to guarantee the least power allocation per user. Later, the derived fitness function 
( 3.13) is used to assign a fitness score    to each solution. Accordingly, A proportion       of 
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the population with minimum    is kept (selected), crossed-over and mutated with a stochastically 
generated    and        . The algorithm is designed to stop at the 1000th iteration. 
Finding the appropriate parameter values for GAs is one of the main challenges in evolutionary 
computing area [162]. Therefore, the parameter values used in the simulations were selected 
based on a number of research articles that investigated the tuning and the impact of different 
parameter values on GAs to improve convergence time [162]–[164]. These studies suggested 
typical ranges for γ, δ, and Rm that are believed to be suitable for the problem at hand. Hence, the 
parameter values in Table  3-4 were based on these studies. 
Table ‎3-4: Parameters of the genetic algorithm 
Parameter Value 
Length of binary chromosome for user bitrates 20 bits 
Length of binary chromosome for user subcarriers 64 bits 
Total length of binary chromosome (β) 84 bits 
Population size (γ) 40 chromosomes 
Percentage of population survivors (δ) 0.5 
Mutation rate (Rm) 0.15 
Number of iterations 1000 
 
3.7.2 Video Rate–Distortion Relations 
Four video sequences, shown in Figure  3-18, exhibiting different content types, are tested. 
Through the simulation depicted in Figure  3-10 (page 61), the rate–distortion (R–D) relation is 
acquired for the four videos at variant bit-error-rates, as revealed in Figure  3-19. However, for 
better readability, the VQM distortion scale is inverted to show level of quality rather than 
distortion. Therefore, in Figure  3-19, the higher the value, the better the quality. 
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(a) Break dance 
 
(b) GT fly 
 
(c) Interview 
 
(d) Tractor 
Figure ‎3-18: Tested video sequences 
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(a) Pe = 10
-5
 
 
(b) Pe = 10
-4
 
 
(c) Pe = 10
-3
 
Figure ‎3-19: Rate–distortion relations for different-bit-error-rates, Pe 
Using the R–D relation, the representative bitrate for a given quality level can be identified. 
However, since R–D is a nonlinear relation, curve fitting is used to approximate it in the form of 
logarithmic functions. This is especially helpful to determine the spectral rate in bps/Hz of a given 
kb/s bitrate for a specific OFDM channel configuration. 
Out of practical concerns, quality bounds are suggested, such that 0.4 ≤ qn ≤ 0.95 for every user, n, 
since realistic quality is unlikely to function outside this window. These bounds are mapped to 
bitrate bounds to limit the GA search space in the CaERAS scheme, such that 
Dn,lower ≤ Dn ≤ Dn,upper. 
The CaERAS scheme considers instantaneous resource allocation at a particular point in time, 
whereas the video bitrate, shown in Figure  3-19, represents an average bitrate (of a variable-rate 
video) over a period of time. Therefore, this average bitrate is considered a representative rate (at 
a particular instant) for the video sequence. 
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3.7.3 CaERAS Performance 
The proposed Content-aware and Energy-Efficient Resource Allocation Scheme (CaERAS) is 
tested in three transmission modes; unicast, broadcast, and multicast. 
3.7.3.1 In Unicast 
3.7.3.1.1 Exhaustive Search 
In the simulated unicast scenario, each user receives an exclusive video on a dedicated set of 
subcarriers. To comprehend the space of solutions available, an exhaustive (brute force) search of 
all realistic combinations of user-assigned bitrates is performed. The corresponding total power, 
PT, and average quality, Qavg, of each solution are plotted in Figure  3-20. 
 
Figure ‎3-20: Solution space by exhaustive search 
The trade-off problem becomes evident by the uppermost curve of each cloud of solutions. These 
optimal curves, also known as Pareto fronts in MOOP terminology, satisfy ( 3.11) and ( 3.12). To 
name an optimal solution along the Pareto fronts, utility function ( 3.13) is evaluated for each 
Pareto point. 
With the aim to maximise the utility function ( 3.13), a heuristic approach is followed to identify 
proper values for the unit price of quality, ω, and the unit cost of power, τ, in ( 3.13). This 
approach relies on realistic measures of Qavg≈0.85 and bit error rate, Pe=10
-5
. The bit-error-rate of 
10
-5
 is selected as a reference for it represents a practical real-life figure. For Qavg, 0.8 is said to be 
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the threshold of minimum quality level for user acceptability of a "pleasing viewing experience" 
[165]. Moreover, 0.85 is identified as the starting threshold of “Excellent” quality on the 
corresponding scale of Mean Opinion Score (MOS) [166]. Thus, 0.85 is selected to guarantee 
user‟s QoE is not below the minimum “Excellent” level. On the Pareto front and under the 
selected measures for Qavg and Pe, a heuristic range of values for ω and τ is tested such that the 
ratio ω/τ is increased from a low value to a high value in successive iterations until a convex is 
obtained. The maximum point on the convex is where utility f in ( 3.13) is maximised, and hence 
ω and τ at that point are selected. This approach ended up with ω=6 and τ=0.01, hence the ratio 
ω/τ=600. Consequently, these realized values for ω,τ are used to calculate utility f when other bit 
error rates are considered. 
3.7.3.1.2 Performance Comparison 
To pinpoint a near-to-Pareto sub-optimal solution, the proposed CaERAS scheme was tested with 
f and the realized ω,τ. The results in Figure  3-21 show the sub-optimal solutions chosen by 
CaERAS and four comparable methods. In the first method, a constant bitrate is supplied to all 
users by the operator, with each individual user‟s bitrate being identified at qn=0.85 and Pe=10
-5
; 
the average bitrate is then chosen. For the sake of user fairness, the second method assumes an 
operator-targeted constant quality level of qn=0.85 to each user at      
  . The two nested GA-
based method, presented in section  3.6.1 (page 64), is the third method. The exhaustive search 
method is the fourth method which is used as a reference since it represents the optimal solutions. 
 
Figure ‎3-21: CaERAS performance in unicast with respect to other methods 
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Significantly, the CaERAS scheme outperforms other methods and especially the two nested GA 
search method. Over all the observed solutions, CaERAS achieves better results in terms of lower 
power requirement and proportionate quality. The performance can be measured in terms of 
energy saving and/or quality improvement. Thus, the solution selected by CaERAS has 
outperformed the other methods in terms of lower power by 1.7% to 22.3%, with an average 
power saving of 11%. However, this was at the expense of negligible lower quality between 
0.07% and 5.6%, with an average of 1.86% lower quality. 
It can also be noted from Figure  3-21 that the operating    of   
            are advantageous 
from a cost-benefit perspective. Also,           leads to unnecessary waste of energy. Hence, 
a maximum threshold of power can be identified as    approaches   
  . Similarly, a minimum 
threshold of functional      can be identified at an operating    of   
  , as perceptual quality 
deteriorates excessively below     . 
3.7.3.1.3 Utility Comparison 
Analysis of the same five methods in terms of utility value, as shown in Figure  3-22, reflects that 
almost all methods achieve nearly the same performance apart from the operator targeted video 
quality method. Indeed, there exists a slight variation in utility values, but since utility values at 
Pe=10
-3
 are distant from those at other bit-error-rates, the scale of the graph makes the variation 
negligible. Furthermore, it is apparent that from an operator point-of-view the operating bit-error-
rates of 10
-5
 and 10
-4
 are advantageous from a cost-benefit perspective. 
 
Figure ‎3-22: CaERAS utility comparison with respect to other methods 
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3.7.3.1.4 Complexity Analysis 
In terms of rapidity and low complexity, the CaERAS scheme also performs well. This is 
illustrated in Table  3-5 by the number of chromosomes tested until a sub-optimal solution is 
acquired. 
Table ‎3-5: Complexity comparison of CaERAS against other schemes 
Scheme Number of chromosomes tested 
Exhaustive search 276.48 M 
Two nested GA search 16 M 
Proposed CaERAS scheme 40 K 
 
In addition, Figure  3-23 draws an example of the path CaERAS takes as it converges to a sub-
optimal solution. In the 274
th
 iteration (that is after testing 10,960 chromosomes) CaERAS 
acquires the required solution. 
 
Figure ‎3-23: CaERAS convergence to a sub-optimal solution. Example when Pe=10
-5
 
3.7.3.2 In Broadcast 
For the purpose of observing CaERAS performance in different transmission modes, it is tested in 
broadcast mode in contrast to its performance in unicast. The four simulated video sequences are 
tested at Pe=10
-5
. Corresponding required power and perceived quality of each is depicted in 
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Figure  3-24, along with the respective Pareto optimal points. Only for the sake of 
unicast/broadcast comparison, the average power is considered for unicast in Figure  3-24 rather 
than the total power. This average power is the average power required by all the four video 
sequences when transmitted in unicast each. 
It is concluded from Figure  3-24 that the power efficiency in the two transmission modes (at 
equivalent levels of quality) is highly dependent on the type of video content. Since Tractor video 
is a high bit-rate video, its power cost in broadcast was higher than the averaged power cost in 
unicast. Whereas, the rest of video sequences required less power in broadcast compared to 
averaged unicast. The same holds true for the sub-optimal points selected based on utility 
maximization. Hence, generally broadcast is much power efficient in contrast with unicast; 
however, this depends highly on the bitrate requirement of the video. 
Broadcast transmission offers bandwidth efficiency since a considerable number of unused 
subcarriers, in contrast to unicast transmission, are left free to be utilized by other services. In 
fact, broadcast would use 1/N of the bandwidth needed for N unicast clients. This is in addition to 
the higher utility in the interest of the service provider in broadcast mode. 
 
Figure ‎3-24: CaERAS performance in broadcast, Pe=10
-5
 
3.7.3.3 In Multicast 
In multicast, a continuously varying number of users could join/leave a multicast group. The 
number of multicast groups could also vary as subscribers join different popular contents. 
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In contrast with the unicast and broadcast modes presented, this section explores the application 
of multicasting in CaERAS, the efficient radio resource allocation scheme presented in 
section  3.6.2 (page 65). In a multicasting context, CaERAS offers fairness through the balance of 
average perceptual quality and minimal total energy among all subscribers in multicasting groups. 
So no individual (or group) is allowed to dominate the resources. In addition, due to the 
increasing trend towards popular content among multimedia consumers, multicast represents an 
appealing application to be considered by this allocation scheme. Moreover, similar to unicast and 
broadcast, adoption of the presented scheme in multicast would help lessen the carbon footprint 
emitted by wireless communications, while consumers‟ quality of experience (QoE) is 
maintained. Hence, the scheme is simulated and evaluated under different multicasting conditions, 
and then the results are presented in this section. 
To guarantee video content delivery to the farthest user in the radio cell, the worst user case is 
considered such that in a given multicast group the least gain of each subcarrier designated for the 
group is considered. Thus, this would require additional power to satisfy all group subscribers. 
Accordingly, the CSI input to the resource allocation scheme is the lowest combination of CSIs of 
all subscribers in the group. Based on this, the characterization of a “user” in unicast transmission 
is replaced with a multicast “group” of subscribers. From the OFDM channel point-of-view, 
guaranteeing the CSI of the worst subscriber is similar to a unicast transmission except that CSI of 
the group could be relatively lower. 
3.7.3.3.1 Multicast Simulation 
A multicast transmission scenario is simulated for a single cell multi-carrier OFDM channel. The 
parameters of the simulated communications channel used are those parameters used in unicast 
mode, which are depicted in Table  3-3. However, as shown in Figure  3-25, from 1 up to 4 
multicast groups are simulated, and in each group from 1 up to 15 subscribers. As subscribers 
could joint/leave a group at any point in time, simulations start by a single subscriber in each 
group and increment one subscriber at a time until the total number of subscribers in the group is 
15. A different video content is broadcasted to each group; however, to maintain consistency the 
same video is used for the same group in each scenario, utilizing the same channel resources. Two 
levels of bit-error-rate, 10
-5
 and 10
-3
, are tested. 
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(a) One group (broadcast) 
 
(b) Two groups 
 
(c) Three groups 
 
(d) Four groups 
Figure ‎3-25: Simulated multicasting scenarios 
The test video sequences shown in Figure  3-18 (page 71) are used in the multicast scenario. Each 
video is assigned to each multicast group as follows: Break dance – Group 1, GT Fly – Group 2, 
Interview – Group 3, Tractor – Group 4. The selected video sequences are of different content 
types. 
Based on the quality modelling process described earlier for unicast testing (section  3.5.2, page 
60), the same rate–distortion (R–D) diagrams in Figure  3-19 (page 72) are used in the cases of bit-
error-rates 10
-5
 and 10
-3
. Similar to the unicast testing, this R–D relation is needed to identify the 
quality level for a given average video bitrate in the resource allocation scheme. However, this 
average bitrate is considered a representative rate of the video sequence at any particular point in 
time. This is because the resource allocation scheme is designed on the basis of instantaneous 
allocation. In other words, resources are allocated at a given point in transmission time, and 
adaptively reallocated at the next point in transmission time. 
3.7.3.3.2 Genetic Algorithm in Multicast 
The parameters used in the genetic algorithm are listed in Table  3-6. The total length of a binary 
chromosome changes according to the number of multicasting groups simulated in each scenario. 
In one-group and three-group scenarios, the binary representation would offer a group number 
that does not exist, e.g. group-2 or group-4. This issue is resolved by replacing those binary digits 
with a randomly generated and evenly distributed group numbers that conform to the number of 
groups being simulated. 
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The fitness function used for the genetic algorithm is the same utility function ( 3.13) derived in 
section  3.3 (page 53), with ω and τ as derived in section  3.7.3.1 (page 73). 
Table ‎3-6: Parameters of the genetic algorithm in multicast 
Parameter Value 
Binary chromosome length to represent the bitrate for one group 5 bits 
Length of binary chromosome for user subcarriers 64 bits 
Total length of binary chromosome (β) 69, 74, 79, 84 bits 
Population size (γ) 40 chromosomes 
Percentage of population survivors (δ) 0.5 
Mutation rate (Rm) 0.15 
Number of iterations 1000 
 
3.7.3.3.3 CaERAS Performance in Multicast 
The four multicasting scenarios are compared by observing utility, power, and quality for the 
same number of total subscribers in each scenario. This total can be represented by several 
patterns since it is assumed that subscribers join/leave groups from one simulation to another. 
Therefore, the average utility, power, or quality is plotted for the number of equal totals 
simulated. Besides, the error bars depict a standard deviation from the average. 
3.7.3.3.3.1 Exhaustive Search 
To comprehend the solution space of the simulated scenarios, an exhaustive (brute force) testing 
of all possible solutions in the four tested scenarios is depicted in Figure  3-26. Each solution 
represents a different bitrate allocation to each group. A range of all possible bitrates per group is 
tested. For comparison purposes, a fixed total number of 12 subscribers is considered in each 
scenario. Hence, the number of subscribers per multicasting group is 3, 4, 6, and 12 subscribers 
for the 4-groups, 3-groups, 2-groups, and 1-group scenarios, respectively. Figure  3-26 shows the 
corresponding minimum total power and achievable average quality of each solution. In each 
scenario in Figure  3-26, the upper-left Pareto frontier provides the non-dominant best set of 
optimal solutions, which satisfy lower power and higher quality. The quality-driven and energy-
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aware resource allocation scheme (CaERAS) employs the utility function ( 3.13) as a decision 
maker to identify one best solution along the Pareto frontier. It is apparent from Figure  3-26 that 
under same constraints of wireless resources, as the number of multicasting groups increases the 
demand on required power increases, whereas the operational window of quality can be 
maintained across the four scenarios at the expense of power. 
The contrast between the case of Pe = 10
-5
 and that of Pe = 10
-3
 demonstrates the relative effect of 
transmission at lower bit-error-rate, which results in less power consumption at the expense of 
quality as packet loss ratio increases. 
 
(a) Pe = 10
-5
 
 
(b) Pe = 10
-3
 
Figure ‎3-26: Search space by GA for a total of 12 subscribers 
3.7.3.3.3.2 Relative Utility 
Figure  3-27 shows the average utility value as the total number of subscribers is increased in each 
multicast scenario. Absolute utility value by itself is irrelevant since we are interested in the 
relative levels of utility as influenced by the number of subscribers. 
From the linear relations in Figure  3-27 we conclude that multicasting with the suggested resource 
allocation scheme (CaERAS) is advantageous (from the service provider‟s point-of-view). This is 
since CaERAS scheme maintained a steadily increasing utility value as more subscribers joined 
the operating groups. With respect to comparing the four multicast scenarios, it can be observed 
that the lower the number of multicasting groups the slightly higher the utility value. This is 
referred to the higher cost of power as the number of groups increases; hence, the higher power 
cost reduces the utility value. In addition, the more groups are operated the less the radio spectrum 
becomes available per group. It can also be observed that transmission at lower Pe has an evident 
direct effect on the utility value. 
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(a) Pe = 10
-5
 
 
(b) Pe = 10
-3
 
Figure ‎3-27: Average utility as subscribers join the multicast groups 
3.7.3.3.3.3 Required Transmit Energy 
Several interesting conclusions can be drawn from the diagram in Figure  3-28. In 1-group and 2-
groups scenarios, the required transmit power is maintained almost constant by the CaERAS 
allocation scheme regardless of the increasing number of subscribers. This is desired since utility 
will increase as subscribers join while cost of power is fixed. However, in 3-groups scenario we 
observe a slight increase of power as subscribers join. Furthermore, in 4-groups scenario the rise 
of power becomes considerable. This trend could continue if more groups were simulated. This 
behaviour is attributed to the limited number of subcarriers. Up until 2 groups the available 
subcarriers were sufficient to accommodate increasing subscribers, but starting with 3 groups 
more power was required on existing subcarriers to compensate for the less available subcarriers. 
This efficient maintainability of the required power given limited available resources is due to the 
resource allocation scheme. 
Due to the same spectrum limitation in addition to accumulation of required power by groups, and 
the worst user case adopted for multicasting, a higher number of groups requires considerable 
higher energy as seen in Figure  3-28. 
The range of required power represented by error bars in Figure  3-28 indicates that as the number 
of groups increases the resource allocation scheme seeks a wider space of solutions to satisfy the 
maximum utility objective. Hence, error bars stretch when more groups are accommodated. 
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(a) Pe = 10
-5
 
 
(b) Pe = 10
-3
 
Figure ‎3-28: Average required total energy as subscribers join the multicast groups 
3.7.3.3.3.4 Perceptual Quality (QoE) 
The video quality diagram in Figure  3-29 demonstrates the effectiveness of the resource allocation 
scheme (CaERAS) with its objective to maintain high levels of perceived video quality by the 
user. Almost in all multicasting scenarios user‟s perceptual quality is maintained. However, the 
more groups accommodated the slightly lower quality is experienced. This is a result of the 
decision maker‟s design in the allocation scheme, which gives priority to the utility value. In order 
to satisfy maximum utility value, the scheme considers cost of power and revenue of quality 
instantaneously, and therefore could lower average quality to avoid higher cost of greater power. 
In addition to this cause of degraded average quality as the number of multicast groups increases, 
another factor is involved which is the limited bandwidth in terms of the number of subcarriers. 
For a limited number of subcarriers, 1 multicast group (broadcast) will utilise all available 
subcarriers, whereas 4 multicast groups will compete in sharing the limited available subcarriers. 
This will result in less number of subcarriers allocated to each group and hence lower bitrate 
assigned to each group which will lead to lower average quality. Consequently, as more and more 
multicast groups are added, average quality shall continue to degrade and the system should reach 
a limit where a new group is denied admission due to bandwidth (number of subcarriers) 
limitation. 
It is noted that as the number of multicasting groups increases the average quality degrades. The 
mild fluctuations in quality as indicated by the error bars in Figure  3-29, reassure the capability of 
the allocation scheme in maintaining quality even with the rising number of subscribers. 
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(a) Pe = 10
-5
 
 
(b) Pe = 10
-3
 
Figure ‎3-29: Average quality perception as subscribers join the multicast groups 
3.8 Summary 
The contribution in this chapter suggested a margin-adaptive content-aware and energy efficient 
resource allocation scheme for multiuser OFDM systems based on the perceptual quality aspects 
of the transmitted video. Targeting a minimal power requirement, the proposed scheme offered a 
low complexity, fast, and efficient algorithm to attain sub-optimal allocation of bitrates and 
subcarriers. The scheme relied on the genetic and greedy algorithms in search for a sub-optimal 
allocation with the aim to minimize the total transmit power required to convey the transmitted 
symbols, and maintain a high level of video quality for the users. In addition, the sub-optimal 
solution seeks to maximize the utility function in the interest of service providers. The resource 
allocation scheme was presented in unicast, broadcast, and multicast transmission modes. 
In unicast, the proposed scheme was compared with four other schemes. The results reflected a 
noteworthy performance of the proposed scheme in terms of the set objectives of energy, quality, 
and utility. The algorithm has shown an average energy saving of 11% and up to a maximum of 
22.3%. This was at the expense of lower quality by 1.86% on average and by a maximum of 5.6% 
lower quality. An exhaustive search was also presented to assure the optimal solutions selected by 
the proposed scheme were nearly on the Pareto frontier. Testing the proposed scheme in broadcast 
revealed the significant energy saving that could be achieved when operating in broadcast mode. 
It also showed that the saved energy is dependent on the type of video content. 
The application in multicast showed a linearly rising utility, a steadily controlled energy 
requirement, and maintained high levels of perceptual quality as the number of subscribers 
increased in different multicasting scenarios. An overall observation of the results suggested that 
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the resource allocation scheme attained a significant accomplishment in achieving its multi-
objective optimization when applied in wireless video multicasting. 
In mobile multimedia communications, this accomplishment avails enhanced energy requirements 
for mobile operators, while consumer‟s QoE is maintained concurrently with mobile operators‟ 
interest in utility maximization. This achievement represents one step forward into the green 
environment initiatives, which aim at the reduction of energy consumption. In the context of 
multicasting, since popular video content is becoming increasingly desired by consumers, 
adoption of this scheme would help limit the carbon footprint emitted by wireless 
communications, while consumers‟ QoE is guaranteed. 
The proposed scheme, however, relies on a fundamental assumption that user‟s perceived QoE 
can be identified momentarily at transmission time in order for the scheme to function as required. 
Therefore, the second contribution in this thesis, presented in the next chapter, suggests a system 
capable of filling this gap by predicting user‟s QoE online and as the video is being transmitted.  
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Chapter 4 
4 QoE‎Prediction‎for‎Wireless‎Video 
Along with the rapid growth in consumer adoption of modern portable devices, video streaming is 
expected to dominate a large share of the global internet traffic in the near future. In the wireless 
communications domain, this trend creates considerable challenges to consumers‟ quality of 
experience (QoE). From a consumer-focused vision, predicting perceptual video quality attracts 
significant importance for QoE-based service provisioning. Existing QoE measurement 
techniques that adopt a full reference model are impractical in real-time transmission since they 
require the original video sequence available at the receiver‟s end. Therefore, the primary aim of 
this contribution is to present a cross-layer no-reference prediction model for the perceptual 
quality of 3D video in the wireless domain. The contribution of this study is twofold: first, an 
investigation of the impact of quality of service (QoS) parameters from both encoding and 
network levels on QoE, backed by statistical analysis. Second, the development of a prediction 
model based on fuzzy logic inference systems (FIS) by mapping the chosen QoS parameters to the 
measured QoE, thus enabling a non-intrusive prediction of 3D visual quality. Conclusive results 
show a significantly high correlation between the predicted video quality and the objectively 
measured Mean Opinion Scores (MOS). Objective MOS is validated through methodical 
subjective assessments as well. For consumer experience, this study advances the development of 
reference-free video quality prediction models and QoE control methods for 3D video streaming. 
Moreover, the work presented in this chapter is considered a technology enabler for several 
recently developed technologies that rely on the ability to estimate users‟ QoE simultaneously at 
transmission time. 
4.1 Introduction 
Ever since modern portable consumer devices (tablets, smartphones, etc.) were brought into 
existence, user consumption of video content has been gaining an accelerated momentum. 
According to a recent research study by Cisco [5], 61% of the global internet traffic will be 
carried over wireless and mobile devices. The same study stated that video is expected to 
dominate up to 90% of the global internet traffic by 2018. Moreover, in the mobile domain, video 
was found to prevail by 66% of the mobile data traffic in 2014 [6]. In line with this trend, 3D 
video services are expected to capture a significant portion of the Consumer Electronics (CE) 
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market due to the advancement of immersive video technologies and enabling infrastructures 
[136]. Since video in general, and 3D video in particular, is considered a resource-hungry service, 
it becomes more sensitive to any problems along the video delivery chain, especially when carried 
over error-prone wireless networks to portable CE devices. This sensitivity is translated into 
different levels of degradation in user experience. Add to this the highly sophisticated 
functionality offered by CE devices nowadays which elevate consumers‟ expectations of video 
quality to that of broadcast level [129]. A level of quality that fully utilises the capabilities of their 
devices [137]. As a result, a change in paradigm from a quality of service (QoS) approach to a 
quality of experience (QoE) approach becomes inevitable [116]. Therefore, adopting a broad 
understanding of video quality as perceived by end-users has become a vibrant area of research. 
Perceptual video quality can be measured at the receiving terminal; however, this is impractical 
since the reference video is absent and subjective quality assessment is impractical as well. 
Therefore, in order to meet QoE requirements of users, it is vitally necessary to predict, monitor 
and possibly control video quality [129]. QoE prediction, however, requires an overarching 
understanding of those QoS factors that are the most influential on QoE [32], [116]. Hence, it 
becomes equally important to model the relationship between QoS and QoE such that QoE can be 
predicted without the reference video (no-reference). Video quality can be measured in an 
intrusive, Full-Reference (FR), or non-intrusive, No-Reference (NR) mode. Intrusive models 
require availability of the original video, unlike non-intrusive (NR) models which can fill this gap 
for prediction by providing less accurate measurement but are sufficiently reliable for real-time 
video streaming. 
In multimedia communications, the QoS/QoE correlation attracted considerable attention by the 
research community. Researchers in this area were unanimous in concluding that a tight 
relationship exists between QoS and QoE [35], [167]–[171]. Once the QoS/QoE relationship is 
identified and modelled, it can be used in either one of two approaches [32], [167]: 
 For known QoS parameter measurements, the anticipated user‟s QoE can be predicted. This 
is the approach considered in this chapter. 
 For a targeted QoE level for a user, the required application layer and physical layer 
performance could be deduced. 
A model that can estimate end-to-end 3D video quality in the context of wireless video streaming 
is yet to be thoroughly explored. This motivates the investigation of prediction models that adopt 
key factors of QoS which have a substantial effect on perceived QoE. There are several QoS 
factors that influence end-to-end video quality, but their joint effect is obscure and their 
Chapter 4. QoE Prediction for Wireless Video 
 
88 
interactions are believed to be non-linear [32], [129]. For this, learning models represent a feasible 
approach to model the QoS/QoE correlation since they have the ability to learn then predict in a 
manner similar to human reasoning. Different techniques [172] have been used by researchers to 
realize predictive QoE models through QoS/QoE correlation analysis. Regression-based models, 
Artificial Neural Networks (ANN), and Fuzzy Inference Systems (FIS) are few to mention. 
However, most of the research in this area discussed partial solutions and overlooked some 
influential QoS parameters across the video delivery layers. Therefore, to develop a more generic 
prediction model, the work in this chapter adopts a hybrid model that considers key QoS 
parameters from both the application layer and the physical layer. The selected QoS parameters 
have not been addressed so far in the context of 3D video. Hence, the proposed model allows an 
optimal estimation of 3D quality given QoS constraints. 3D video is considered because there are 
still many aspects related to 3D quality evaluation caused by the complexity of 3D perception as 
opposed to 2D perception [173]. Nevertheless, it should be highlighted that the proposed 
prediction model can be applied to both 2D and 3D video. There is no significant difference 
except that the same QoS factors could cause disparate distortions to 3D quality perception. 
The presented NR prediction model of perceived 3D video quality (QoE) represents a significant 
addition to video communications since it provides several advantages to both the consumer and 
the service provider: 
 Through automated real-time QoE monitoring, service providers can control and maintain 
desired quality levels to the user through the management of controllable QoS parameters, 
such as video codec, bitrate, signal power, modulation, etc. Such parameters can be fine-
tuned on-the-fly as channel conditions can be sent to the service provider over auxiliary 
feedback channels. 
 For service charging, achieved quality could be used as a criterion for quality-based billing 
that employs state-of-the-art charging schemes in real-time. 
 More efficient QoE-based resource allocation in multi-user mobile environments can be 
achieved and is made possible, such as the scheme proposed and presented in chapter  3. 
This results in more efficient bandwidth utilization and power consumption. 
Hence, the work presented in this chapter proposes a cross-layer non-intrusive prediction model in 
the context of wireless 3D video streaming. The model is designed on the basis of the fuzzy logic 
inference systems (FIS). Accordingly, the main contributions in this chapter are twofold: 
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 An evaluation of QoS/QoE correlation for 3D video streaming employing cross-layer key 
QoS parameters. 
 A FIS-based non-intrusive prediction model utilizing the datasets constructed from the 
QoS/QoE correlation. 
The rest of this chapter is organized as follows. The simulation setup is described in section  4.2. 
In section  4.3, QoE measurements collected from the simulations are presented and validated. The 
constructed QoS/QoE dataset is statistically analysed in section  4.4. Section  4.5 is devoted to the 
methodology of the proposed quality prediction model. In section  4.6, the proposed prediction 
model is validated and performance evaluated. Finally, section  4.7 summarises and concludes the 
chapter. 
4.2 Simulation Setup 
4.2.1 Video Content and Encoding 
Based on their temporal activity, three classes of 3D video content are tested. The spatio-temporal 
classification metric in recommendation ITU-T P.910 [174] is used for this purpose. This 
technique extracts spatial and temporal features from a video sequence, and then assigns a Spatial 
Index (SI) and a Temporal Index (TI) to the video sequence. The computed index indicates the 
spatial complexity and the temporal activity of the video sequence. This technique is of low 
complexity, thus can classify videos in real-time. Consequently, three video sequences are chosen, 
one in each class, as listed in Table  4-1. Each sequence is in YUV 4:2:0 format, of 25 
frames/second (fps) and 200 frames in length, that is 8 seconds in time. 
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Table ‎4-1: The test video sequences and the assigned temporal classes 
Video Sequence SI TI Class 
Music 
 
74.91 5.06 Low 
motion 
Poker 
 
88.86 11.64 Moderate 
motion 
BMX 
 
104.70 23.57 High 
motion 
 
The tested 3D video sequences are in the form of 2D colour plus depth map. Both the colour 
image and the depth map are encoded with the H.264/AVC video coding standard [48], [152]. 
Configuration parameters of the encoder are depicted in Table  4-2. Within the encoding process, 
Network Abstraction Layer (NAL) units are encapsulated in Real-time Transport Protocol (RTP) 
packets. It is also assumed that each RTP packet is encapsulated in one Internet Protocol (IP) 
packet on the network layer. Hence, Packet Loss Rate (PLR) denotes the loss of video NAL units. 
The bitrate of each video as required by the encoder is dependent on the size of QP. Several QP 
sizes are simulated, and their corresponding bitrates are listed in Appendix B. 
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Table ‎4-2: H.264/AVC video coding parameters 
Parameter Value 
Profile IDC High (100) 
Level IDC 30 (SD), 32 (qHD, HD) 
Sequence GoP IPPP 
Number of reference frames 2 
Entropy coding CAVLC 
Search range 32 
Slice mode Packetized (bytes) 
Output File Format RTP packet 
Rate control Disabled 
 
4.2.2 QoS Parameters 
The chosen and simulated QoS parameters and their corresponding values are summarized in 
Table  4-3. In addition to Content Type (CT), parameters from both the application layer and the 
physical layer were selected. Parameter values were designed carefully in order to generate a 
broad range of quality levels (QoE) from poor to excellent to satisfy the diversity needed for the 
proposed prediction model. Based on the chosen parameter values in Table  4-3, the dataset 
constitutes a total of 1,080 test conditions. For increased data confidence, each tested condition 
represented by a combination of distinct values of the parameters (CT, R, QP, PLR, and MBL), is 
simulated 10 different times. This is such that the error trace starts at a displaced position of the 
coded bit-stream each time. Hence, in the experiment a huge dataset of 10,800 tests of wireless 
video streaming are simulated. The 10 times repetition is performed to resemble real-life 
communications where errors could occur at any given point of transmission time. Also, this 
ensures that 2000 video frames are considered per each simulation condition. Consequently, once 
QoE of the 10 received videos is recorded, the mean QoE is calculated with a 95% confidence 
interval. 
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Table ‎4-3: Simulated QoS parameters 
Parameter Values 
Content type (CT) Low, moderate, high motion 
Spatial resolution (R) SD (720x576), 
qHD (960x540), 
HD (1280x720) 
Encoder quantization parameter (QP) 16, 24, 32, 40, 48 
Packet loss rate (PLR) 0%, 0.1%, 1%, 2.5%, 5%, 7.5%, 10% 
Mean burst length (MBL) 1, 2.5, 5, 7.5 
 
4.2.3 Simulation Scene 
The objective is to model the effect of various QoS factors on perceived QoE across the media 
delivery chain. Hence, for end-to-end 3D video quality estimation, QoS parameters from both the 
application layer and the physical layer are selected. This is because video quality is degraded due 
to the distortions introduced by both the video encoder and the access network. 
Thus, to map the selected QoS parameters to corresponding QoE, the simulation scene is designed 
as illustrated in Figure  4-1. 3D video sequences in the form of 2D colour image plus depth map 
are assigned a class identifier each, according to their temporal activity. Later they are coded with 
H.264/AVC video compression standard [48] using the JM Reference Software [152], and then 
the coded video packets are simulated for wireless transmission errors. The decoded video frames 
are then assessed for quality using a 3D video quality metric [175]. This metric is further 
explained in section  4.3.1. 
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Figure ‎4-1: Conceptual illustration of the simulation scene 
4.2.4 Packet Loss Model 
The wireless channel is simulated by introducing both random and burst packet losses to the 
transmitted packet stream, in order to analyse a broader range of simulation conditions. Random 
packet losses are uniformly distributed along the packet loss trace, while burst packet losses are 
distributed as bursts with a Mean Burst Length (MBL), along the packet loss trace. In Table  4-3, 
an MBL value of 1 depicts random packet losses, whereas other MBL values represent 
increasingly bursty conditions. A range of the simulated packet loss traces is illustrated in 
Figure  4-4. The patterns in Figure  4-4 reflect the distribution of packets in error over the 
simulated transmission period for each video. Each packet drop occurrence is represented by one 
vertical line. 
Packet loss traces are generated based on the Gilbert-Elliot model [153], [154] (a two-state 
Markov chain model) by varying the PLR and the MBL. The concept of this model was explained 
in chapter  3 (section  3.5.3, page 61). 
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(a) PLR=0.1% and MBL=1.0 
 
(b) PLR=1.0% and MBL=2.5 
(c) PLR=2.5% and MBL=2.5 
(d) PLR=5.0% and MBL=5.0 
(e) PLR=7.5% and MBL=5.0 
(f) PLR=10.0% and MBL=7.5 
Figure ‎4-2: Distribution patterns of some of the simulated packet loss traces 
4.3 QoE Measurement 
QoE is a broad concept that denotes users‟ levels of satisfaction. Of the various dimensions that 
constitute QoE, user's perception of the content consumed is considered the most influential 
dimension [32]. Hence, perceptual quality prediction of video is the focus of this work. For the 
sake of developing a concrete QoE prediction model, a large dataset and test conditions are 
constructed for this study. Therefore, an objective quality metric is used for quality assessment. 
However, to validate the quality measurements of this objective assessment, a subjective 
assessment is conducted as well using a selected subset of the test conditions. 
4.3.1 Objective Quality Assessment 
Objective quality measurement is conducted using a validated FR perceptual 3D video quality 
metric [175]. This metric conjoins two measurements (2D video quality and depth quality) in one 
3D measure. On the one hand, the 2D video metric is the NTIA General Model [39] for the 
assessment of 2D colour image. Known in the literature as “Video Quality Metric” (VQM), the 
PLR0.1% MBL1.0
PLR1  MBL2.5
PLR2.5% MBL2.5
PLR5  MBL5.0
PLR7.5% MBL5.0
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NTIA General Model was independently evaluated by the Video Quality Experts Group (VQEG) 
and standardized by ANSI [40] and ITU [41], [42]. On the other hand, the depth map is assessed 
following the depth quality model [175], which measures the quality of depth signal based on the 
identification of dominant depth planes using histograms. The compound 3D quality is then 
determined through a joint mathematical model [175] using the measured VQM of 2D colour 
video and the corresponding depth map. The model assigns two weighting functions, one to the 
2D quality and one to the depth quality, reflecting the significance of each quality dimension to 
user‟s perception. The quality scale on this metric is a continuous scale from 0 (complete loss) to 
1 (original quality). 
The use of this 3D quality metric, which adopts VQM within its engine for the 2D component, 
makes possible the use of several methods applicable to VQM-based quality analysis. For 
example, 2D quality measurements of the same video sequences are made available within the 
collected 3D dataset. Moreover, it makes possible the mapping of the 3D quality scale to 
subjective Mean Opinion Score (MOS). Thus, to express the measured quality in corresponding 
subjective terms, measured quality values are normalized to MOS using [134]: 
      (     ) ( 4.1) 
or 
      (  (   )) ( 4.2) 
Either ( 4.1) or ( 4.2) is used depending on the quality scale at hand. Equation ( 4.1) is used for 
VQM since on the VQM scale 1 is complete loss and 0 is original quality, whereas ( 4.2) is used 
for Q, the 3D quality measured, as the scale is opposite to that of VQM. 
Since the constructed 3D dataset out of the simulations is huge, for the reader to comprehend the 
dataset in a suitable form it is portrayed in Figure  4-3 in 3D diagrams. Figure  4-3 depicts the 
distribution of the measured MOS scores along the various test conditions designed in the 
experiment with respect to the spatial resolution for each video sequence. This wide distribution is 
fundamental for the proposed QoE prediction model to achieve its desired function. That is to 
predict any QoE level from very low to very high. 
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(a) Music video 
 
(b) Poker video 
 
(c) BMX video 
Figure ‎4-3: Representation of the objective quality dataset produced out of the simulations 
4.3.2 Subjective Quality Assessment 
Subjective testing is the most accurate method for measuring perceived video quality. However, 
the large number of test conditions required to formulate the proposed prediction model makes it 
extremely difficult to conduct subjective tests where video sequences need to be assessed by 
viewers. Therefore, the purpose of subjective assessment is to validate the obtained objective 
scores and assure their credibility, so they can be used confidently for the proposed QoE 
prediction model. 
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Subjective testing is performed based on the standard recommendation ITU-R BT.500-13 [176]. 
The subjective experiment was conducted using the 2D version of the test videos so they can be 
validated against the corresponding 2D results from objective scores. This validation can be 
drawn to 3D objective scores since the methods from ITU-R BT.500-13 [176] are also applicable 
in 3D scenarios [173], [177], [178]. 
Since the total test conditions for the dataset are 1,080 conditions, a systematic approach is 
followed to select a subset designated for the subjective testing. The dataset used is constructed of 
objective measurements and the 2D HD video of each sequence is chosen to perform a balanced 
selection of conditions that spans the quality scale (0-to-1). The selection approach is based on the 
Kennard and Stone algorithm [179], which selects as the next sample the one that is most distant 
from those already selected samples. Thus, it covers the experimental region uniformly and yields 
a flat distribution of the data. This guarantees that each value of each QoS parameter is covered 
among the whole sample space. 20 samples of each video content type are selected plus the 
reference video; hence the subjective dataset is formed of 63 sequences. 
Proper consideration of relevant guidelines from ITU-R BT.500-13 [176] is taken throughout the 
subjective testing process. A panel of 21 expert and naïve viewers took the test of the Single 
Stimulus (SS) quality evaluation method on a continuous scale, in a laboratory under a controlled 
and convenient environment. 2D HD videos were displayed on a 47” LED monitor, and the users 
marked their MOS responses on a continuous scale between 0 and 5, which was recorded in 
percentages from 0 to 100. A screenshot of the tool on which they recorded their responses is 
demonstrated in Appendix D. Later this continuous scale was normalized using ( 4.2) to the ITU-R 
BT.500-13 scale [176] illustrated in Table  4-4. This five-grade quality and impairment scale is the 
most widely used measure in assessing subjective opinions in multimedia communications. At the 
beginning of the test session, the participants were trained with 5 selected video sequences, and 
then shown another 5 stabilizing sequences, both of which were discarded from the collected 
responses. Test sequences were randomly re-ordered to each user, and the reference video was 
hidden to them. The average time elapsed during test sessions was 17-19 minutes. 
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Table ‎4-4: Subjective five-grade scale of mean opinion scores [176] 
MOS Quality Impairment 
5 Excellent Imperceptible 
4 Good Perceptible, but not annoying 
3 Fair Slightly annoying 
2 Poor Annoying 
1 Bad Very annoying 
 
Mean opinions scores recorded by the 21 observers are shown in Figure  4-4 with 95% confidence 
intervals for the 63 test conditions of HD videos. These selected test conditions are listed in 
Appendix C. 
 
Figure ‎4-4: Subjective MOS scores with 95% confidence intervals 
4.3.3 Correlation of Objective and Subjective Scores 
As a validation measure for the objective scores obtained through simulations, the correlation 
between subjective MOS and objective MOS for 2D videos is presented in Figure  4-5 and 
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expressed in statistical terms using the Pearson Correlation Coefficient (PCC). A brief description 
of this statistical performance measure is outlined in Appendix E. 
The correlation between the objective and subjective datasets recorded a PCC of 0.92, which 
indicates a high level of correlation and acknowledges the validity of the collected objective QoE 
data for 2D video. 
 
Figure ‎4-5: Correlation of subjective MOS and objective MOS 
Furthermore, to visualise the correlation between the three datasets (2D subjective, 2D objective, 
and 3D objective), Figure  4-6 portrays a comparison of 21 test conditions for each of the video 
sequences with the scored MOS in each of the three datasets. A significant correlation between 
the three datasets can be evidently observed from Figure  4-6. Indeed, statistically the 2D objective 
and 3D objective datasets are found to be highly correlated with a PCC of 0.99. Consequently, it 
can be concluded that validation of the 2D objective dataset can be certainly drawn to the 3D 
objective dataset. 
The 3D objective dataset is later used for learning and validation in the proposed FIS-based 
prediction system as explained in section  4.5. 
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(a) Music HD 
 
(b) Poker HD 
 
(c) BMX HD 
Figure ‎4-6: Comparison of the three datasets for each video sequence (HD) 
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4.4 ANOVA Analysis on the Constructed Dataset 
Analysis of Variance (ANOVA) is a parametric statistical test usually used to check, on the values 
of some specific variables, whether or not the null hypothesis is true. The null hypothesis states 
that the observations resulting from an experiment are not due to the effects of the independent 
variables or a correlation between the independent variables, but rather are due to other unknown 
variables [180]. 
ANOVA test is extremely useful to explore the interaction between two or more independent 
variables. Moreover, it can assess the proportion of variability in observations which are due to 
differences in test conditions. Hence, ANOVA calculates the proportions of total variance which 
are due to the independent variables and the interactions between them, and the proportions due to 
other variables (error variance) which are called F-statistics. The higher the F-statistics the higher 
the proportion of variance that is caused by the independent variables. Consequently, the smaller 
the F-statistics, the higher the proportion of variance that is caused by unknown variables (error). 
Based on ANOVA‟s analytical strength, a fundamental investigation is undertaken in this work to 
quantify the impact of application layer and physical layer parameters on perceived video quality 
in wireless networks. The five QoS parameters identified in this investigation are those described 
in Table  4-3 (page 92). To statistically establish the relationship between QoE and these five 
parameters, a 5-way analysis of variance (ANOVA) [180] test was carried out on the MOS dataset 
obtained by objective testing on 3D video. Hence, all the 1,080 test conditions in the dataset were 
tested with 5-way repeated ANOVA. This is to determine the impact of all five parameters on 
MOS, as well as the interactions in between the parameters, i.e., their combined effect on MOS. 
In statistics, the p-value (which stands for probability value) is a function of the observed results 
that is used for testing a statistical hypothesis called the null hypothesis. The p-value is a number 
between 0 and 1. A small p-value (typically ≤ 0.05) indicates the null hypothesis can be rejected. 
A large p-value (> 0.05) indicates that we fail to reject the null hypothesis. Accordingly, in 
Table  4-5 the p-value tests the null hypothesis which says that the QoS parameters have no effect 
on QoE (MOS). 
Table  4-5 shows the results obtained from the ANOVA analysis. A small p-value (p ≤ 0.01) 
indicates that MOS is significantly affected by the corresponding parameter [180]. This implies 
that all five parameters (p-value = 0) have a significant effect on MOS. Furthermore, there are 
interaction effects between each pair of parameters, and each 2-way interaction is significant as 
well. With 3-way interactions, some parameters are of less impact (p ≥ 0.01) when combined. The 
4-way interactions capture the 3-way impact as well. 
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The symbols used in Table  4-5 identify the five QoS parameters used in the simulations, which 
are: Content Type (CT), spatial Resolution (R), Quantization Parameter (QP), Packet Loss Rate 
(PLR), and Mean Burst Length (MBL).  
The main conclusions that can be drawn from this analysis are as follows: 
 The most important parameter in the physical layer is PLR, and in the application 
layer is QP. Therefore, for an accurate prediction model, a broad range of packet 
losses and QP sizes should be considered. 
 The level of QP that offers high quality is very much PLR-dependent. Hence, 
high quality video transmission (at low QP size) may not be well-perceived by 
the user unless transmission errors (PLR) are well-looked after. 
 The effect of varying bursts (MBL) over different packet loss rates (PLR) is 
dependent on spatial resolution (R) of the video content. Hence, for poor network 
conditions video resolution can be adapted to enhance user‟s QoE. Moreover, in 
more bursty conditions adjusting QP with R would improve user‟s perception 
decently. However, in such bursty conditions the video content type (CT) plays a 
considerable role as well. 
Overall, the obtained ANOVA analysis results, depicted in Table  4-5, confirm that all the five 
QoS parameters have a significant effect on QoE, and that there are considerable interactions as 
well between the five parameters. This conclusion allows the development of the quality 
prediction system by capturing the effects of the five QoS parameters in a learning model based 
on Fuzzy Inference Systems (FIS). 
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Table ‎4-5: ANOVA results for main and interaction effects 
Source F-statistics P-value 
CT 141.7391 0 
R 124.416 0 
QP 1555.0708 0 
PLR 1639.5704 0 
MBL 505.1559 0 
CT*R 42.0471 0 
CT*QP 23.8862 0 
CT*PLR 10.9266 0 
CT*MBL 3.2242 0.0046 
R*QP 10.9295 0 
R*PLR 7.5038 0 
R*MBL 6.9318 0 
QP*PLR 126.0083 0 
QP*MBL 18.1301 0 
PLR*MBL 36.052 0 
CT*R*QP 3.6755 0 
CT*R*PLR 2.193 0.003 
CT*R*MBL 4.0675 0 
CT*QP*PLR 1.6265 0.0145 
CT*QP*MBL 1.8808 0.0094 
CT*PLR*MBL 0.8851 0.6429 
R*QP*PLR 1.2715 0.1405 
R*QP*MBL 6.3384 0 
R*PLR*MBL 6.3258 0 
QP*PLR*MBL 2.4194 0 
CT*R*QP*PLR 0.7027 0.9671 
CT*R*QP*MBL 2.1474 0.0001 
CT*R*PLR*MBL 0.9286 0.6249 
CT*QP*PLR*MBL 0.7699 0.9461 
R*QP*PLR*MBL 2.0248 0 
 
The symbol “*” is the combination symbol representing the combined effect of parameters. 
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4.5 FIS-Based Quality Prediction Model 
In this contribution, a no-reference QoE prediction model based on Fuzzy Logic Inference 
Systems (FIS) is proposed to estimate the impact of the encoding and network condition 
parameters on the video quality (QoE). FIS is computationally less intensive, simple, transparent, 
and reasoning process. FIS outperforms other estimation techniques in terms of modelling 
capabilities and making decisions with imprecise information [181]. In contrast with non-linear 
regression-based method, FIS is found to achieve much accurate prediction [130]. In addition, FIS 
provides a way of constructing controller algorithms by means of linguistic labels and 
linguistically interpretable rules in a user-friendly way closer to human thinking and perception. 
In this section, FIS is introduced as the methodology applied in wireless video communications to 
propose the desired QoE prediction system. 
4.5.1 Overview on Fuzzy Inference Systems (FIS) 
In 1965, fuzzy logic was introduced by Lotfi Zadeh [182] and was so called the “fuzzy set theory”. 
Fuzzy logic expert systems are well-known estimation/prediction techniques for user modelling 
that could imitate human reasoning using natural language in which words can imply ambiguous 
meanings. Typically, the aim of a fuzzy logic system is to make a concise decision based on 
imprecise/ambiguous information [183], [184]. It is considered as an extension to classical set 
theory, as in FIS statements could be partial truths which means lying in between absolute truth 
and absolute falsity [185]. FIS is most useful in modelling complex systems because it makes use 
of linguistic variables as its antecedents (inputs) and consequents (outputs). These linguistic 
variables can be naturally represented by fuzzy sets and logical connectives of these sets [186]. 
Two significant elements that FIS heavily depends on are the membership functions and the 
inference rules. The more accurately designed the membership functions and inference rules the 
better the predictability. Therefore, these two elements have to be carefully designed in order for 
FIS to effectively predict QoE in the proposed system. The membership functions and the 
inference rules can be either derived from numerical data (statistics gathered from end-users) or 
predefined based on experts‟ knowledge and recommendations. Upon rules‟ establishment, FIS 
maps the inputs to the outputs, and such mapping can be described numerically as y = f(x) [185]. 
There are different approaches implemented in fuzzy inference. The most commonly used 
approach is the so called Mamdani-type [187], which is adopted in the FIS system in this chapter. 
Typically, FIS consists of 3 main components as depicted in Figure  4-7: the fuzzifier, the fuzzy 
inference engine, and the defuzzifier. The fuzzification module receives crisp inputs and converts 
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them into fuzzified inputs. These fuzzified inputs, called fuzzy sets, are then received by the 
inference engine where linguistic rules (in the form of if-then) are applied to them. The output of 
the inference engine is fuzzy conclusions. The defuzzication module converts these fuzzy 
conclusions back into crisp output. A more detailed description of the 3 main components of FIS 
is given in the following subsections. 
 
Figure ‎4-7: Components of the Fuzzy Inference System (FIS) 
4.5.1.1 The Fuzzifier  
The fuzzifier maps the input parameters‟ values to membership functions to determine the 
membership of the values of these parameters to appropriate fuzzy sets. A membership function is 
a curve that explains each value‟s degree of membership in the fuzzy set. This degree of 
membership is expressed in a real number between 0 and 1. The fuzzy sets are a group of 
linguistic terms that explain the attributes of each fuzzy set in relation to the input parameter 
values and their effect on the output. 
4.5.1.2 The Fuzzy Inference Engine 
In artificial intelligence, knowledge can be represented in different forms. One way to express 
human knowledge is by using natural language expressions of the form: 
IF premise (antecedent), THEN conclusion (consequent) 
This form is commonly referred to as the IF–THEN rule-based form. Typically, this form 
represents an inference such that if a fact (antecedent) is known then another fact (conclusion or 
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consequent) can be inferred (derived). This form of knowledge representation is the basis of 
inference rules in FIS. 
Using the membership functions from the fuzzifier, inference rules are extracted by the fuzzy 
inference engine. Inference rules are a collection of IF-THEN rules either extracted from 
numerical datasets or predefined by experts‟ opinion. The membership weights of the inputs are 
taken from the fuzzifier and applied to the antecedents (inputs) of the fuzzy rules. The obtained 
value is then applied to the consequent membership function (output). In other words, the 
consequent membership function is clipped or scaled to the level of the antecedent. If one set of 
antecedents triggers more than one rule, the consequents of these rules are aggregated into the 
output fuzzy set. In the case of multiple inputs, a fuzzy rule has multiple antecedents, hence the 
fuzzy operator (AND or OR) is used to connect these antecedents. In this work, only the AND 
fuzzy operator is considered to process the antecedents part of the rules. 
4.5.1.3 The Defuzzifier 
Defuzzification is the reverse process of fuzzification. The fuzzifier converts a precise quantity to 
a fuzzy term. Likewise, the defuzzifier converts a fuzzy term back to a precise quantity. The 
output of a fuzzy process can be the logical union/intersection of the membership functions. There 
are different defuzzification techniques such as the centroid method, the weighted average 
method, and the maximum method [186], [188]. The centroid method, which is adopted in this 
work, relies mathematically on the Centre of Gravity (CoG), and is expressed by the following 
formula: 
  
∑      
 
   
∑   
 
   
 ( 4.3) 
Where y is the defuzzified output, M is the number of rules, Si is the value of the output for rule i, 
Ki is the inferred weight of the i
th
 output membership function. Using ( 4.3), the defuzzifier maps 
the inputs to the output. Based on this mapping, the output can be predicted for a given set of 
input values. 
4.5.2 The QoE Prediction Algorithm 
The algorithm employed to predict user‟s QoE using fuzzy inference systems is presented in this 
section. The procedure followed is explained with the main stages of the algorithm as elucidated 
in Figure  4-8. 
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Figure ‎4-8: Block diagram of the QoE prediction algorithm 
Inputs: 
QoS parameters p1, p2, ,,,, pm, and their values p1_value, p2_value, …, pm_value; 
Membership functions: 
     ( )   *     +   *     + 
where x is the input parameter value (pm_value) and Aj represents a number of classes, n, 
of corresponding parameter values. 
Inference rules: 
Given in the form: IF <antecedent_1> AND <antecedent_2> THEN <consequent>; 
Output: 
QoE value as a MOS score. 
Procedure: 
1. Map the input parameter values (p1_value, p2_value, …, pm_value) into the 
membership functions      ( ) and get the membership value in the fuzzifier. 
2. Apply the justified inputs (membership values) taken from the fuzzifier to the fuzzy 
inference rules in the fuzzy inference engine. 
Example Rule: IF pi is Aj AND pi+1 is Aj+1 then QoE is Aj+3 
The output of the rule evaluation is the consequent membership function clipped or 
scaled to the level of the truth value of the rule evaluation. If a rule predicts more than 
one QoE class then the QoE class with the highest value is considered. 
3. Defuzzify the aggregated output fuzzy set to obtain a single QoE value (MOS value). 
This value is the predicted QoE. 
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4.5.3 The QoE Prediction Methodology 
The main objective of adopting the FIS approach is to design and implement a model that predicts 
the variation of the user satisfaction level as a function of the QoS parameters. For this purpose, 
the main components of FIS, illustrated earlier in Figure  4-7, are put into a functional context of 
the desired video quality prediction model as shown in Figure  4-9. Accordingly, the methodology 
followed in designing the main functions in the proposed FIS-based model is explained in the 
following subsections. 
 
Figure ‎4-9: Functional block diagram of the proposed FIS prediction model 
4.5.3.1 Identifying Inputs and Output 
A set of QoS parameters have been identified in the simulation setup in section  4.2.2, followed by 
determining the corresponding QoE parameter in section  4.3. Then in section  4.4, the ANOVA 
analysis confirmed the high correlation between these QoS/QoE parameters, and the influential 
effect of the simulated QoS parameters on QoE. Hence, the developed dataset, with all the 
simulated QoS parameters, can be used as the learning set for the FIS-based model. Therefore, the 
five QoS parameters are chosen as inputs; CT, QP, video resolution (R), PLR, and MBL; while 
the output is a MOS score (QoE). 
The proposed methodology can also incorporate additional parameters. However, the interaction 
between these parameters is the determining factor for the quality of the delivered video and, 
consequently, the user satisfaction level. 
4.5.3.2 Design of Membership Functions 
Designing the input and output membership functions is the first step of the fuzzy logic control 
process where a fuzzy algorithm categorizes the information entering a system and assigns values 
that represent the degree of membership in those categories. In membership functions design, the 
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correlation between QoS parameters and the measured QoE is transformed into a fuzzy 
relationship characterised by the membership functions. In this work, the membership functions 
are constructed based on expert‟s knowledge of the measured dataset. That is, the statistical data 
collected from the wireless video streaming simulations. 
4.5.3.2.1 Membership Functions of the Inputs 
Three fuzzy sets (low, moderate, high) are assigned to each of the fuzzy input variables. Each 
fuzzy set is converted into an equivalent form (shape) of the membership function. The curve 
values of the membership functions represent the degree to which a particular QoS parameter 
value belongs to different QoE scores. The membership functions can take different forms; 
triangles, trapezoids, bell curves or any other shape as long as those shapes accurately represent 
the distribution of information. For this system, the triangular shape was chosen; hence, the 
membership functions are shaped in equivalent triangular fuzzy sets. The triangular shape of 
fuzzy sets can be characterized by three values: right boundary, centre, and left boundary. Thus, 
for an input crisp value x on a triangular type fuzzy set A, the membership value of x is calculated 
by: 
  ( )  {
(   ) (   )      
(   ) (   )      
                                              
 ( 4.4) 
The membership functions of the input parameters are illustrated in Figure  4-10. A membership 
value of 1 represents a high degree of membership to the corresponding class (fuzzy set), and a 
decreasing membership value represents deviation from that class (fuzzy set). The simulation 
environment of MATLAB
®„s Fuzzy Logic Toolbox, where the membership functions are defined, 
is presented in Appendix A. 
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(a) Content type 
 
(b) Spatial resolution 
 
(c) Quantisation parameter 
 
(d) Packet loss rate 
 
(e) Mean burst length 
Figure ‎4-10: Membership functions of the inputs 
So how do we read the membership functions‟ representation in Figure  4-10? The relationships 
represented in the membership functions reflect the “effect” of each QoS parameter‟s value on 
QoE. This “effect” is categorised in three fuzzy sets (low, moderate, high). This is interpreted as 
low effect, moderate effect, and high effect. So for example, the PLR of 2% has a membership 
degree of 0.6 with the low effect on QoE. In other words, the 2% PLR has a low effect on QoE to a 
degree of 60% (or 0.6). Likewise, the 2% PLR has a moderate effect on QoE to a degree of 30% 
(or 0.3), which is a lower degree. Also the 2% PLR has a high effect on QoE to a degree of 0%, 
which means 2% PLR has no high effect on QoE at all. 
Another example will be given using QP to better understand the relationships represented by the 
membership functions. The QP value of 32 has a moderate effect on QoE to a degree of 100%. 
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This means that QP 32‟s effect on QoE is only a moderate effect, not high or low, since the degree 
of both the low effect and the high effect is zero. 
For CT, R, and MBL, the membership functions are designed in direct relation to the values of 
these QoS parameters. That is, for these QoS parameters the fuzzy sets (low, moderate, and high) 
mean that the numerical values of these parameters are low, moderate, or high. 
4.5.3.2.2 Membership Function of the Output 
The membership function of the output (QoE) is presented in Figure  4-11. In this work, QoE is 
measured based on the MOS scores (1, 2, 3, 4, 5). Consequently, the QoE membership function is 
assigned five fuzzy sets (bad, poor, fair, good, excellent) according to the standard MOS 
definition [176]. 
 
Figure ‎4-11: Membership function of the output (QoE) 
In Figure  4-11, each value on the MOS scale is related to the fuzzy sets (bad, poor, fair, good, 
excellent) with a different degree. For example a MOS value of 3.2 is a fair value to a degree of 
80% (0.8), and a good value to a degree of 20% (0.2). However, MOS 3.2 is not a bad, poor, or 
excellent value, since it is bad, poor, and excellent to a degree of 0%. 
4.5.3.3 Extraction of Fuzzy Rules 
Fuzzy rules are derived based on expert‟s knowledge and QoS parameters behaviour within the 
measured dataset from the wireless video streaming simulations. In each fuzzy rule, an estimated 
QoE score is associated with each combination of QoS parameter values (test condition values). 
Fuzzy rules are compiled in the form of IF-THEN statements. For example: 
IF (CT is high) and (MBL is high) and (PLR is high) and (QP is moderate) and (R is moderate) 
THEN (predicted QoE is bad) 
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Based on the fuzzy inference technique considered in this work, Mamdani-type technique [187], 
the rules are generated by assigning weights to the inputs. For each combination of input 
parameter values (test conditions values), the rule weight is calculated as the sum of the weights 
of the input parameter values. For each input, the fuzzy set that achieves the higher membership 
value is selected in the IF part of the rule. If a rule predicts more than one output class (QoE fuzzy 
set) then the class with the highest value is selected. Because of the desired function of the 
proposed prediction model, only the fuzzy AND operator is considered to process the antecedent 
part of the rules. As shown earlier in section  4.2.2 (page 91), the chosen values for the simulated 
QoS parameters make up a total of 1,080 test conditions. As a result, basically 1,080 rules are 
extracted such that each rule represents one simulated test condition. Of these rules, duplicates are 
first removed, and then conflicting rules (rules with identical antecedents) are resolved. Within 
conflicting rules, only the rule with the highest output class (fuzzy set) is selected and the rest of 
the rules are dropped. 
The maximum number of distinct (non-conflicting) rules should be    rules for n input variables 
with each variable having X fuzzy sets. This is simply by calculating the permutations for input 
variables with possible choices for each variable. Accordingly, in this work, 5 input QoS 
parameters are used and each is assigned 3 fuzzy sets (as designed in the membership functions), 
so the maximum number of rules extracted should be 3
5
, that is 243 possible rules. However, the 
actual extracted rule set is usually less than    because for many parameter values the 
membership functions are zero for all fuzzy sets except one or two. A zero-valued membership 
function means the antecedent is not used in the rule. To give an example of the extracted rules, 
Table  4-6 lists some of the extracted 243 fuzzy rules for the proposed FIS model. Furthermore, 
the simulation environment of MATLAB
®„s Fuzzy Logic Toolbox, where the fuzzy rules are 
defined, is presented in Appendix A. 
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Table ‎4-6: Example of some extracted fuzzy inference rules 
CT R QP PLR MBL QoE 
Moderate Low Low Low Low Excellent  
Moderate High Moderate Low Low Good 
Low Moderate High Moderate Moderate Poor 
High Low Moderate Low Moderate Fair 
Moderate Low Low Moderate Low Fair 
High Moderate High High High Bad 
Low Low Moderate Moderate High Poor 
Low Moderate Low Low Moderate Good 
High High Low Low Low Excellent 
 
4.5.3.4 Predicting QoE through Defuzzification 
After the fuzzy rules are extracted and defined, the MATLAB
®
 Fuzzy Logic Toolbox [189] is 
used to develop a FIS simulation scenario with the designed membership functions and the 
defined fuzzy rules. The simulation environment of the Fuzzy Logic Toolbox is presented in 
Appendix A. In this study, the developed FIS employs the centre-of-gravity (CoG) defuzzification 
method to obtain a crisp output value. The CoG method finds the point where a vertical line 
would slice the aggregate set into two equal masses. Mathematically, the CoG is expressed by 
equation ( 4.3) which is explained earlier in section  4.5.1.3 (page 106). 
4.6 Validation and Performance Evaluation of the Proposed FIS-based 
Model 
4.6.1 Model Validation 
Once the relationships of individual QoS parameters and QoE are measured and recorded in the 
dataset, the 3D video dataset is used as inputs to the FIS-based model in order to map the QoS 
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parameters to QoE scores. The proposed FIS-based model was validated using R
2 
correlation and 
the Root Mean Squared Error (RMSE). The results obtained from the measured QoE in 
section  4.3.1 (page 94) were compared with the predicted QoE from FIS. Figure  4-12 (a-b) shows 
the validation of the proposed system using line and scatter graphs. Each point in Figure  4-12 (a) 
represents the predicted MOS of a particular 3D video clip and the line represents the measured 
QoE. R
2 
scored 0.94 and RMSE was 0.199. This indicates that predicted QoE is highly correlated 
with measured QoE. Thus, the proposed Fuzzy logic system significantly succeeds in predicting 
user‟s perception. In addition, these results show a consistent relationship between QoS and QoE 
for wireless video streaming. The reader is referred to Appendix E, where a brief description of 
both statistical performance measures, R
2
 and RMSE is outlined. 
 
(a) With respect to test conditions 
 
(b) Diagonal correlation 
Figure ‎4-12: FIS - Measured MOS vs. Predicted MOS 
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4.6.2 Model Performance Evaluation 
For evaluation of the FIS-based model‟s performance, its performance is compared with the 
Random Neural Networks (RNN) technique [139], [190] and the simple linear regression 
technique [191], [192]. For this purpose, the same dataset constructed in section  4.3.1 (page 94) is 
used in the QoE-RNN tool [193] and in MATLAB
®‟s Linear Regression Model Fit tool [194]. 
4.6.2.1 Random Neural Networks 
Invented by Erol Gelenbe [190], RNN is one of the Artificial Neural Networks (ANN) methods. 
The ANN is basically an analogy of the human nerve system formulated mathematically with the 
aim to obtain a mapping function between inputs and outputs. The RNN is especially regarded as 
an appropriate technique for the determination of QoE features in several multimedia applications 
[193]. 
Neural networks are a system of adjustable parameters called “weights” and “biases”. The 
parameters are adjusted during the training of the neural network, which results in specific 
weights and biases. A scalar input is multiplied by the effective weight and added to the bias to 
produce the target output. The network is adjusted based on a comparison of the output and the 
target, until the network output matches the target. The neural network consists of an input layer, 
one or more hidden layers, and an output layer. 
In this study, the QoE-RNN Tool [193] is used as a test bed. In the QoE-RNN tool, the neural 
network is applied with an input layer (of 5 input parameters), a hidden layer (of 6 neurons), and 
an output layer (of one output). The five input parameters are those identified in Table  4-3 (page 
92), while the output is the Mean Opinion Score (MOS). The model was trained by 980 test 
conditions and 100 test conditions were used for validation. Once the model is trained, it becomes 
capable of mapping any possible values of QoS parameters into QoE scores. For the 100 
validation test conditions, Figure  4-13 shows the correlation between the RNN predicted QoE and 
the measured QoE in terms of MOS scores. Consequently, R
2
 and RMSE are calculated for these 
test conditions to validate the predictability of the RNN model. 
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Figure ‎4-13: RNN - Measured MOS vs. Predicted MOS 
4.6.2.2 Simple Linear Regression 
The second technique used for comparison is simple linear regression. In linear regression, the 
data model coefficients are linearly fitted. The most common type of linear regression is the least-
squares fit, which is the type used in this testing in MATLAB
®‟s Linear Regression tool [194]. All 
the 1,080 data points observed in the objective dataset (section  4.3.1, page 94) are fed into the 
model. Accordingly, the linear model, representing a least-squares fit of the response to the data, 
is presented in Figure  4-14. The model is also validated with R2 and RMSE within the same 
MATLAB
®‟s Linear Regression tool [194]. 
 
Figure ‎4-14: Linear regression model of the objective dataset 
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4.6.2.3 Performance Evaluation 
Comparison results are summarised in Table  4-7. Overall, it can be noted that the proposed FIS-
based prediction model outperformed both, the RNN-based model and the linear regression 
model, in terms of prediction accuracy. This is attributed to the precisely designed membership 
functions and inference rules. The more accurately defined the membership functions and 
inference rules the higher the prediction ability of the expert system [183]. Besides, FIS takes 
advantage of being computationally less intensive, in addition to its transparent reasoning process. 
The reader is referred to Appendix E, where a brief description of both statistical performance 
measures, R
2
 and RMSE is outlined. 
Table ‎4-7: Performance evaluation of the FIS-based model 
Model R
2
 RMSE 
Fuzzy Inference System (FIS) 0.94 0.199 
Random Neural Networks (RNN) [190], [193] 0.91 0.394 
Simple Linear Regression [191], [194] 0.79 0.102 
 
4.7 Summary 
In this chapter, a zero-reference prediction model to estimate the quality of 3D video in wireless 
environments was proposed. The model was developed using Fuzzy logic Inference Systems 
(FIS). For end-to-end quality estimation, QoS parameters from both encoding and physical layers 
were identified. The QoS parameters were mapped to QoE scores through a cross-layer simulation 
of the transmitted 3D video. The objectively measured QoE was validated through subjective 
assessments. Later, the QoS/QoE mapping dataset was statistically analysed with 5-way ANOVA 
to confirm the impact of each chosen QoS parameter and to identify the most influential 
parameters. Finally, the dataset was fed into the FIS-based model for learning in preparation for 
prediction. 
One conclusion to be drawn is that the choice of QoS parameters is crucial in achieving good 
prediction accuracy. For instance, PLR showed a more evident impact on quality as opposed to 
MBL. Also for video content type, PLR caused a greater impact on quality for higher motion 
content compared to lower motion. 
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A second substantial conclusion can be reached by validating the prediction model through the 
correlation of predicted QoE and measured QoE. The results showed a high prediction accuracy 
of the proposed FIS-based model in terms of R
2 
correlation of 0.94 and RMSE of 0.199. This is of 
significance because the higher the accuracy in determining the expected level of QoE, the more 
proper decisions can be made regarding network resource provisioning whilst keeping the 
customer satisfied. The model was also evaluated against other comparable prediction models in 
which it showed better prediction accuracy. 
It should be pointed out that the success of the learning-based techniques, in general, depends on 
their ability to efficiently learn the QoS/QoE relationships. Also, for more accurate QoE 
prediction these techniques perform better when a large training sample (dataset) is employed. 
Therefore, the larger the learning dataset in the prediction model, the higher the prediction 
accuracy. 
This work complements the research efforts in QoE estimation with the objective to serve 
potential applications for QoE optimization and content provisioning to mobile users. Towards a 
more generic model, suggested future work includes additional QoS parameters to be investigated 
and perhaps incorporated. However, studying additional parameters should first investigate the 
extent to which each individual parameter would affect the user‟s perceived quality.  
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Chapter 5 
5 QoE-Driven‎ Efficient‎ Resource‎ Utilisation‎
for‎Video‎over‎WiMAX 
In the recent decade, 3D video has attracted a larger portion of the consumer market, due to the 
added dimension of entertainment. However, since it contains additional information to be 
transmitted over the network, an extra burden is added to the already congested network‟s 
capacity. Therefore, the issue of resource utilisation becomes more than ever a pressing issue for 
networks in general, and wireless access networks in particular. 
Accordingly, research in network resource utilisation introduced several techniques for more 
efficient power and bandwidth consumption. The majority of these techniques, however, were 
based on Quality of Service (QoS) and network parameters. Therefore, in this study a different 
approach is taken to investigate the possibility of a more efficient resource utilisation if resources 
are distributed based on users‟ Quality of Experience (QoE), in the context of 3D video 
transmission over WiMAX access networks. In particular, this study suggests a QoE-driven 
technique to identify the operational regions (bounds) for Modulation and Coding Schemes 
(MCS). A mobile 3D video transmission is simulated, through which the correlation between 
receiver‟s Signal-to-Noise Ratio (SNR) and perceived video quality is identified. The main 
conclusions drawn from the study demonstrate that a considerable saving in signal power and 
bandwidth can be achieved in comparison to QoS-based techniques. 
5.1 Introduction 
Recently, 3D video has gained an accelerated momentum in the consumer entertainment sector. 
This is attributed to the added dimension of sensation it offers to the viewer, represented by the 
ability to sense the depth added to conventional 2D video. Hence, one of the developed techniques 
for 3D video representation is a 2D colour image accompanied by a grayscale depth map, known 
as colour-plus-depth representation. Consequently, the stereoscopic 3D view is generated 
(rendered) at the display terminal following a technique known as Depth Image Based Rendering 
(DIBR) [195]. This added dimension of depth introduces extra demand on network resources and 
exhibits further user aspects such as binocular disparity and visual discomfort contributing to the 
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overall 3D perception. In addition, the transmission of 3D video to mobile devices is confronted 
by the limited bandwidth, bit-errors and finite device power. Therefore, more efficient resource 
utilisation techniques are needed; techniques that reduce the power requirement and avail extra 
bandwidth. 
Efficient resource utilisation has been an area of interest to several research studies. Hence, 
different approaches were taken with the aim to save on scarce resources such as bandwidth and 
power. Many of these approaches often considered Quality of Service (QoS) and network 
parameters as the basis for their findings. Unlike QoS-based techniques, in this study, efficiency 
in resource utilisation is suggested through exploiting Adaptive Modulation and Coding (AMC) at 
the physical layer together with users‟ QoE [143]. Hence, from a user-centric approach, this 
chapter presents a study proposing a more efficient technique for AMC in terms of power and 
bandwidth utilisation, on the basis of consumer‟s perception of 3D video. 
Section  5.2 of this chapter presents the methodology followed to propose the QoE-driven resource 
utilisation. This includes the simulation model and the proposed approach for band AMC 
transition thresholds. The results are presented in section  5.3. Then the contribution of this chapter 
is summarised in section  5.4. 
5.2 QoE-Driven Operational Regions in Adaptive Modulation and 
Coding 
5.2.1 Simulation model 
The simulation system presented in Figure  5-1 is designed and implemented to study the effect of 
mobile wireless transmission errors on users' perception of 3D video. 3D video sequences, in the 
form of 2D-colour plus depth-map, are tested. As illustrated in Figure  5-1, the selected 3D video 
sequences are encoded into H.264 bit-streams, which are projected to the wireless channel error 
traces, and then decoded. Later, an objective quality metric of 3D video [175], which emulates 
human perception of the received video, is employed to measure the 3D quality perception. 
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Figure ‎5-1: The simulation system 
5.2.1.1 Video Content and Encoding 
The test video sequences, in the form of colour plus depth, are shown in Figure  5-2. Both videos 
are 720x576 Standard Definition (SD) with 25 frames/second (fps), and 10 seconds long, making 
250 frames. 
 
(a) Interview video 
 
(b) GT Fly video 
Figure ‎5-2: The test video sequences 
Based on the H.264 standard [48], H.264/AVC Reference JM Software encoder [152] is used for 
source video coding. For both test videos, rate control is assumed with a constant bitrate 
distribution of 80% and 20% to colour and depth, respectively. Based on a recommended bitrate 
for SD video [196], the bitrate allocated to the Interview video is 1Mbps, 200Kbps for colour and 
depth channels, respectively. Whereas the GT Fly video is allocated 2Mbps, 400Kbps similarly. 
5.2.1.2 The Wireless Channel 
The experiment simulates the transmission of stereoscopic video over Worldwide Interoperability 
for Microwave Access (WiMAX IEEE 802.16e) networks [197]. The simulations consider 
various Signal-to-Noise Ratio (SNR) levels using different Modulation and Coding Schemes 
(MCSs). Two channel model environments at two different mobility speeds are tested: a 
pedestrian walking at the speed of 3 km/hour, and a vehicular running at the speed of 60 km/hour. 
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The WiMAX simulation model presented in [198] is considered for this testing. The SNR-to-PER 
relationship in this model is shown in Figure  5-3 for the vehicular scenario. This figure describes 
the Signal-to-Noise Ratio (SNR) at the receiver for different Packet Error Rate (PER) levels. For 
each MCS, this information tells the expected signal quality at the receiver given a PER. 
 
Figure ‎5-3: Channel SNR vs. packet error rate for the vehicular scenario 
Transmission error patterns are generated in this WiMAX simulation model [198]. The error 
traces are designed such that a radio frame is transmitted every 5ms, which means 200 frame 
bursts are transmitted per second. The error trace is formed of 3000 frames for a period of 15 
seconds. A number of error bits are introduced in the 15 seconds error trace depending on the 
MCS used. 
This structure of the error trace is described in Figure  5-4 for the case of MCS QPSK 1/2. In this 
example, a bit value of 1 means a successfully received bit, and a bit value of 0 means the bit has 
changed, i.e., lost. If a single bit of a slot's 48 bits is changed then the whole data slot is 
considered lost. Therefore, MCSs that carry more bits per data slot are more sensitive to channel 
errors. 
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Figure ‎5-4: How error patterns simulate for MCS QPSK 1/2 
Later, based on the target video packet size, the bit-error traces are used to produce packet-error 
traces. 10 different versions of each error trace are generated, that is 10 versions per MCS per 
BER. Hence, simulations are performed for all the versions of each case and quality is measured 
for every instance then the average quality is computed. This is because in real-life scenarios bit 
errors could occur at any time during transmission. For comprehensive experimenting, all 
supported MCSs by the WiMAX model where tested. 
The WiMAX model [198] used in these simulations offers a downlink capacity of 390 data slots 
(30 subcarriers x 13 time symbols) in a Time Division Duplex (TDD) frame every 5ms. Since the 
number of bits allocated to the data slot depends on the MCS used, the maximum channel 
transmission rate ranges from 3.744 Mbps for QPSK 1/2 (48 bits per data slot), to 16.848 Mbps 
for 64QAM 3/4 (216 bits per data slot). The data bits capacity of each MCS in the tested WiMAX 
model is depicted in Table  5-1. 
Table ‎5-1: Uplink capacity of information bits in the WiMAX model [198] 
Modulation QPSK 16QAM 64QAM 
Code Rate 1/2 3/4 1/2 3/4 1/2 2/3 3/4 
Data TX capacity 
(bits/data slot) 
48 72 96 144 144 192 216 
 
15 seconds
3000 frames
1 frame each 5ms
Frame 0 Frame 1 Frame 2 Frame 3 Frame 4
…….
Frame 2999
Data slot 0 Data slot 1 Data slot 2
……
Data slot 389
0 1 1 0 1 0
………
48 bits 48 bits 48 bits ……….........
48 bits
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Both video components, the colour and the depth, are simulated using the aforementioned 
wireless transmission channel model. Once the distorted video bit-streams are received, they are 
decoded and the 3D quality perception is measured using the 3D quality metric [175]. 
5.2.1.3 QoE Metric 
The objective 3D video quality metric [175], which was presented in section  4.3.1 (page 94), is 
employed to measure the perceptual quality of the received distorted colour image and depth map. 
5.2.2 SNR thresholds for band AMC transition 
Based on the aforementioned simulations, a QoE-based method is proposed to identify SNR 
thresholds of operational MCSs where transitions can occur in adaptive modulation. In Adaptive 
Modulation and Coding (AMC), once AMC sub-channel allocation is triggered, the MCS can be 
negotiated between the Base Station (BS) and the Mobile Station (MS) and changed every 5ms. 
Hence, the transition of the MS between MCS regions is permitted. The downlink operational 
MCS region is bounded by receiver‟s SNR threshold levels, as illustrated in Figure  5-5. If the 
SNR steps out of the designated operating region, the receiver (MS) requests a change to a new 
operational MCS region. 
 
Figure ‎5-5: SNR thresholds for operational MCS regions in a cell 
The IEEE standard [199] suggests that the SNR thresholds bounding each operational region shall 
be identified at bit-error-rate (BER) of     . In contrast, the proposal in this chapter suggests that 
SNR thresholds are identified based on viewer‟s perceptual QoE. 
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5.3 Results 
To visualise the simulation results, Figure  5-6 shows the quality achieved over different levels of 
SNR for each MCS. As depicted on Figure  5-6, the two tested video sequences were simulated for 
different environments and at different bitrates. This is so the desired conclusion for these 
simulations is shown to have covered different test conditions. In Figure  5-6, GT Fly scored a 
higher maximum performance (QoE) than Interview since it is allocated double the bitrate. This, 
however, was at the expense of extra power required, which is signified by the higher SNR. 
The data collected in Figure  5-6 is used to infer the SNR thresholds suggested at QoE=0.8, in 
order to compare it with those thresholds based on BER. 
 
(a) ‘Interview’ video for a pedestrian at 3km/h (bitrate 1.2 Mbps) 
 
(b) ‘GT Fly’ video for a vehicle at 60km/h (bitrate 2.4 Mbps) 
Figure ‎5-6: Average quality performance of 3D videos with respect to channel SNR 
The two methods for identifying the operational MCS regions (SNR bounds) are compared in 
Figure  5-7. The first method is based on          (IEEE standard [199]), and the second is 
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based on         which corresponds to 80% on the scale of the quality metric used [175]. This 
QoE level is designated as the reference in this proposal since it is regarded by the research 
community a sufficiently high and acceptable quality perception level.         is said to be the 
threshold of minimum quality level for user acceptability of a "pleasing viewing experience" 
[165]. 
 
(a) ‘Interview’ video 
 
(b) ‘GT Fly’ video 
Figure ‎5-7: SNR bounds of the MCS operational regions 
The comparison in Figure  5-7 implies that a significant bandwidth and power efficiency can be 
achieved by considering quality perception (QoE) as the basis for MCS selection (through AMC), 
compared to the traditional bit-error-rate based technique. The proposed QoE based selection for 
AMC bands not only is power-efficient, but is also bandwidth-efficient since it keeps a MS 
allocated to a higher-order band for longer than it used to be (with the BER based method). 
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This conclusion becomes evident by comparing the receiver‟s SNR (in dB) when          
and when        . The lower value SNR (when QoE is considered) implies that transition to a 
higher-order MCS can occur earlier. In terms of bandwidth efficiency, this early transition to a 
higher AMC band means more data bits per slot can be carried. Table  5-2 summarizes the 
percentage of additional data bits that can be used as a result of such early transition. For instance, 
a transition from 16QAM 1/2 to 16QAM 3/4 allows for 50% additional bandwidth to the user at a 
lower SNR. In terms of power efficiency, the lower value SNR shows that the receiver can 
operate on the same MCS at a lower power level, which is controlled by the transmitting base 
station. For example, for the Interview sequence, the operating SNR threshold for QPSK 3/4 
based on QoE requires 5.4 dB less power than the BER based method. The percentage of power 
that could be saved in each MCS is shown in Table  5-2. 
Table ‎5-2: Percentage of bandwidth and SNR savings 
Modulation 
Code 
Rate 
Percentage of 
additional data 
bits/slots to carry 
Percentage of 
SNR Saved 
Interview GT Fly 
QPSK 
1/2  22.87% 10.53% 
3/4 50% 33.13% 2.82% 
16QAM 
1/2 33.33% 21.66% 7.43% 
3/4 50% 21.40% 19.37% 
64QAM 
1/2 0% 20.26% 14.37% 
2/3 33.33% 17.57% 7.58% 
3/4 12.5% 10.97% 3.57% 
 
5.4 Summary 
This work exhibits a reflective study of 3D video transmission over WiMAX mobile broadband 
networks. The study considered QoE as the basis for identifying the SNR thresholds at which a 
mobile receiver is transitioned from one MCS to another. Simulations were performed using a 
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WiMAX model that exploited several levels of SNR, bit-error-rates, and modulation and coding 
schemes in two radio transmission environments. The momentous conclusion drawn from this 
study denotes that considering QoE as the basis for modulation scheme selection in AMC can be 
advantageous with respect to power and bandwidth efficiency, as opposed to the techniques based 
on network parameters solely. This efficiency climbs up to 33% less power and up to 50% more 
bandwidth. 
This conclusion is believed to emphasize a promising approach for an AMC that considers 
viewer‟s perception for radio resource efficiency in the resource allocation process. The proposed 
approach could lead to a better utilization of energy, and a higher data transfer rate 
simultaneously. 
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Chapter 6 
6 Conclusions‎and‎Future‎Work 
This study has mainly focused on the efficient utilisation of the resources in wireless 
communications networks. The primary concern of the study has been the dependency on 
customer‟s Quality of Experience (QoE) in the resource allocation process. The majority of 
resource allocation efforts have focused on network and Quality of Service (QoS) parameters. 
This typical approach could result in either unsatisfactory user experience or unnecessary waste of 
scarce resources if the ultra-high quality is not perceived by the user. Therefore, from a QoE-
centric approach, this research study has proposed an efficient resource allocation scheme that not 
only adopts QoE but also considers energy efficiency and Quality of Business (QoB) for the 
service provider. Hence, the study has been based on the triple-Q framework which characterises 
the QoS/QoE/QoB relationships in one optimisation model. 
A number of related research works have been presented in the literature review regarding 
resource allocation and QoE prediction in wireless networks. Only few and recent works have 
integrated QoE in the allocation process. However, the research in this thesis has overtaken the 
related works in terms of the objectives achieved altogether and the limitations incurred in these 
related works. The research in this thesis consists of three contributions for video service 
transmission over wireless networks. The contributions are summarised in the following section. 
6.1 Conclusions 
The main contribution in this research, presented in Chapter  3, has been a resource allocation 
scheme for a multiuser video transmission over Orthogonal Frequency-Division Multiplexing 
(OFDM) networks. Video streaming over wireless access networks is expected to be the dominant 
internet service model in the near future. The major concerns in this model, considering the 
limited wireless resources, are customers‟ QoE, service provider‟s QoB, and power consumption. 
Therefore, the developed scheme has been designed to address these concerns. In a joint 
optimization algorithm, the scheme allocates subcarriers and bits to users while satisfying three 
objectives: maximum average QoE, minimum total transmission power, and maximum total 
utility value (QoB), in a fair distribution among users. QoE has been modelled in rate-distortion 
(R-D) relationships so it can be obtained instantly for any tested bitrate. A per-transmitted-bit 
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energy model has been used to calculate the required transmit power. Differentiated charging 
based on the achieved QoE level, has been considered to calculate the utility (QoB). The 
algorithm considers Channel State Information (CSI) of each user and varying levels of bit-error-
rates (BER). A multi-objective optimization problem has been formulated and then addressed 
using the evolutionary genetic algorithm (GA) for subcarrier and bit allocation, and the greedy 
algorithm for power allocation. An appropriate GA fitness function has been designed to combine 
the objectives in one global optimisation. The results, in unicast transmission mode, have shown 
that the proposed scheme, as a low-complexity scheme, outperforms comparable methods in 
terms of efficiency and selectivity of sub-optimal solutions. The algorithm has shown an average 
energy saving of 11% (reached up to 22.3%). This was at the expense of lower quality by 1.86% 
on average (reached up to 5.6%). Also, the algorithm has been shown to reach a sub-optimal 
solution in as low as 0.0025 of the search space in a previous method. In broadcast, an optimal 
solution that satisfies the three objectives has been reached swiftly. Besides, an average saving of 
85.66% in required energy is observed in broadcast as opposed to unicast. In multicast mode, the 
scheme has succeeded in maintaining high QoE levels with steadily controlled energy, and 
proportionate utility as the number of subscribers increased in four multicasting scenarios. In the 
video communications arena, this proposed scheme conjoins substantial objectives in one solution 
that satisfies the user, the service provider, and the environment. 
The second contribution in this research, presented in Chapter  4, has been a QoE prediction 
system for wireless video communications. Indeed, this contribution is a requirement for the main 
contribution. Its function is to replace the modelled R-D in the main contribution with a practical 
solution by predicting QoE for a large range of QoS conditions. Predicting video quality is of 
significant importance for QoE-based service provisioning. Because Full-Reference (FR) QoE 
measurement techniques are impractical in real-time transmission since they require the original 
video sequence to be available at the receiver‟s end. Therefore, a No-Reference (NR) cross-layer 
prediction model for the quality of video has been developed in this study. First, the impact of 
selected key QoS parameters, from both the encoding and the network levels, on QoE has been 
investigated. A dataset has been constructed using 2D and 3D video. The dataset has been 
analysed with the Analysis of Variance (ANOVA) test to verify the impact of QoS parameters on 
QoE individually and combined. Also, the dataset has been validated through subjective testing of 
selected QoS conditions. Second, a prediction model based on Fuzzy Inference Systems (FIS) has 
been developed using the constructed dataset. Conclusive results have shown a significant 
accuracy and performance of the proposed system. The R
2 
correlation coefficient between the FIS-
predicted QoE and the measured QoE in the dataset was 0.94, with a Root Mean Squared Error 
(RMSE) of 0.199. Also, the proposed system has been shown to outperform the Random Neural 
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Networks (RNN)-based and the linear regression-based methods in terms of R
2 
and RMSE. In the 
video communications domain, this work fills the need for no-reference QoE prediction models to 
serve potential applications for QoE-based optimization and content provisioning to mobile users. 
Chapter  5 broadly outlined the third contribution in this thesis. Therein, a study of video 
transmission over WiMAX networks has been conducted. Motivated by the QoE-based resource 
allocation achievements, the aim of the study has been to investigate the usefulness of relying on 
QoE rather than bit-error-rate (BER) in determining the bounding thresholds of Modulation and 
Coding Schemes (MCS) in Adaptive Modulation and Coding (AMC). The simulations have 
exploited varying levels of received Signal-to-Noise Ratios (SNR), BER, and MCS for a 
pedestrian and a vehicular transmission environment. SNR thresholds at which receivers are 
transitioned have been identified based on two methods: QoE of 0.8 and BER of 10
-6
. The QoE-
based method has recorded lower levels of SNR. This means receivers‟ transition between MCS 
regions can be delayed. This delay results in making use of the higher bitrate in higher order 
MCSs for a longer period of time, and avoiding the need for extra power to transit a user to a 
higher order MCS. Hence, bandwidth and power utilisation is improved. This improvement has 
reached up to 33% less power and up to 50% more bandwidth. For wireless video 
communications, this conclusion affirms the claims that QoE-based service provisioning could 
reduce energy consumption and enhance user experience simultaneously. 
The aforementioned contributions in this thesis are also summarised in Figure  6-1. This summary 
concludes the tasks involved in each contribution and the main findings. 
The overall conclusion to be drawn from this research study is that users‟ QoE not only is a vital 
and substantial aspect in multimedia communications, but it is also a fundamental and decisive 
element in the radio resource allocation process. In two of the presented contributions in this 
thesis, QoE has been shown to remarkably improve the efficiency in resource allocation. In 
wireless video communication systems, this accomplishment is believed to considerably influence 
future media delivery models, since it is promoting a promising approach that is expected to 
attract significant attention from both customers and businesses, for it stimulates their personal 
interests in the wireless multimedia services domain. 
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QoE-Aware‎Resource‎Allocation: 
 
1) Designing a QoE-centric resource allocation scheme for multi-user video over OFDM 
 Modelled QoE in rate-distortion (R-D) relationships to obtain QoE given a bit-rate. 
 Proposed a power allocation method based on GA to minimise transmit energy in OFDM. 
 Derived a utility function (QoB) based on differentiated charging and cost of power. 
 Designed a GA to search for subcarrier and bit allocations that satisfy ↑QoE, ↓energy, 
and ↑QoB. 
 Investigated performance of the proposed scheme in unicast, broadcast, and multicast. 
 Main Findings: 
 The proposed scheme outperforms comparable methods in efficiency. 
 Broadcast is the most efficient mode in terms of ↑QoE, ↓energy, and 
↑QoB. 
 In multicast, the scheme succeeds in maintaining QoE, energy, and QoB. 
 
2) Modelling the impact of QoS parameters on QoE in wireless video streaming 
 Simulated video streaming with selected key QoS parameters from application and 
physical layers. Then observed corresponding perceived video quality (QoE). 
 Analysed the modelled dataset with ANOVA to verify the impact of QoS on QoE. 
 Validated the dataset through subjective testing of selected QoS conditions. 
 Main Findings: 
 Every selected QoS parameter has direct and significant impact on QoE, 
and their congregated effects vary. 
 High correlation between measured QoE and subjective QoE. 
 
3) Designing a QoE prediction model for wireless video streaming 
 Designed a Fuzzy Inference Systems (FIS)-based model using QoS/QoE relation in (2). 
 Developed a QoE prediction model using the modelled dataset in (2). 
 Validated the prediction model with R
2
 and RMSE between measured and predicted QoE. 
 Evaluated the prediction model performance with respect to Random Neural Networks 
(RNN) and linear regression. 
 Main Findings: 
 Significant accuracy of the proposed model‟s predictability with R2 of 
0.94 and RMSE of 0.199. 
 Proposed model outperformed RNN and linear regression in terms of R2. 
 
4) Proposing an efficient resource utilization technique based on QoE-driven AMC 
 Simulated video transmission over WiMAX with varying SNR, BER, MCS and radio 
model environments. 
 Identified SNR thresholds of band AMC transitions based on: QoE of 0.8 and BER of 10
-6
. 
 Main Findings: 
 Lower SNR threshold values by the QoE-based method. 
 Improved bandwidth and power utilization by up to 33% less power and 
50% more bandwidth as a result of delayed transition due to lower SNR. 
 
Figure ‎6-1: Summary of the work undertaken and the contributions in the thesis 
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6.2 Research Impact 
The future model of end-to-end quality assurance in multimedia communication systems [37] is 
illustrated in Figure  6-2. Within this model, the resource allocation scheme presented in this thesis 
plays a significant role by bridging the gap between the quality management system, the 
application provider, and the network provider. Hence, the presented scheme forms a fundamental 
part of the quality management system where QoE-aware decisions are taken to control the media 
adaptation scheme and the network QoS management system. As a result, users‟ QoE can be 
guaranteed while energy consumption is reduced and application provider‟s QoB is improved. 
This achievement also represents a forward step into the green environment initiatives which aim 
at the reduction of energy consumption. Furthermore, in the context of multicasting, since popular 
video content is becoming increasingly desired by consumers, adoption of this scheme would help 
limit the carbon footprint emitted by wireless communications, while consumers‟ QoE is 
guaranteed. 
 
Figure ‎6-2: End-to-end quality assurance model [37] 
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6.3 Future Work 
This thesis has presented a Radio Resource Allocation (RRA) approach centred on users‟ Quality 
of Experience (QoE). The study has considered different varying parameters in the RRA model, 
in the QoE prediction model, and in the RRA study for WiMAX. However, there exist some 
limitations which can be considered in the future directions to continue in the line of this research: 
i. Efficiency of the proposed scheme. The scheme considers the required transmit energy 
per bit. However, there exists an energy required to do the processing itself (e.g. GA-greedy 
algorithmic processing). This processing is expected to consume energy in the base station. 
Hence, saving transmission energy comes at a price of some processing energy. This issue 
can be studied to find GA processing cost and its proportion to the energy saved by the GA 
algorithm. Also, to possibly enhance the efficiency of the used GA, other variations of the 
GA can be investigated to introduce a less complex algorithm for a more efficient real-life 
application. Moreover, GA has proven a good match to the presented RRA problem. 
However, other alternative algorithms/techniques can be tested. For instance, algorithms 
that may be less complex, faster, and require less processing. 
ii. The scheme over a period of time. The proposed scheme addresses subcarrier and bit 
allocation at one point in time (for one radio frame). It needs to be extended to operate over 
a period of time. That is, it needs to dynamically adapt to the changes in CSI and video 
bitrate over time. In addition, real-life implementation of the scheme may seem impractical. 
Because the processing time required by the GA algorithm in a given instance of time (per 
Hz) need to be considered. Future research can study the CSI change over time together 
with the varying video bitrate, and perhaps suggest a method to cover this gap. 
iii. Utility function. The method followed to derive an optimum ratio ω/τ for the utility 
function (based on QoE of 0.85 and bit-error-rate of 10
-5
) has a limitation since it is content 
dependant (see section  3.7.3). So for different video contents this ratio may differ slightly; 
therefore, future research in this issue is required. For instance, a broad range of content 
types may be studied with the derived utility function to address its limitation by proposing 
a utility function model that could accommodate any content type. 
iv. Network capacity supported by the scheme. This study has simulated video transmission 
to 4 users. However, given the limited resources, as more users join the network, the 
resources will be re-allocated to keep QoE acceptable and utility maximum. There exists a 
point in which the QoB-based decision maker should deny admission of new users. This 
point can be based on QoB. Therefore, this issue is worth of further investigation. The 
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proposed scheme can also be extended to accommodate multi-cell environments. Hence, 
the scheme would require further intelligence for implementation in a distributed system, 
especially when optimisation in multicasting is intended. 
v. Video coding and video characteristics. The video sequences used in this research have 
been coded using H.264/AVC standard. Scalable Video Coding (SVC) could be 
investigated because it will influence users‟ perceived quality and bandwidth utilisation 
(subcarrier and bit allocation). Also, Ultra High Definition (UHD) video could be tested 
using the new High Efficiency Video Coding HEVC (H.265) standard. This is to study the 
behaviour of the proposed RRA scheme for future contents and devices. In addition, video 
temporal resolution (frame rate) can be added as a QoS parameter to the QoE prediction 
model. This will enable the SVC capability of the proposed prediction model. 
vi. Extending the QoE prediction model. The modelled QoS/QoE relationship in chapter  4 
has been used in a QoE prediction approach, i.e., for known QoS parameter measurements, 
QoE is predicted. A different approach is suggested for the future work of this contribution. 
That is to target a certain QoE level for a user and then infer the application layer and 
physical layer performance level required to achieve the desired QoE [32]. Also, towards an 
even more general model, additional QoS parameters can be investigated and perhaps 
incorporated, depending on how influential they are on perceived QoE. Moreover, three 
video sequences were tested in the QoE prediction work, that is one video for each content 
type. For future work, it is suggested to include additional video sequences, at least one 
more in each content type. Hence, three sequences can be used for FIS learning, and the 
other three for prediction evaluation. The purpose of this task is to further validate the 
proposed FIS model, and also test its performance using a wider set of video contents. 
Furthermore, the QoE prediction model can be re-designed to accommodate the input 
parameters for the QoE-driven work in chapter  5. This would bring the conclusions in 
chapter  5 to practical grounds since QoE can be estimated in real-time. 
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Appendix A: Simulation Environments 
The primary simulation tool used in this research was Mathworks‟ MATLAB® Release R2013a 
on Microsoft Windows
®
 64-bit machines. This appendix presents an overview on the MATLAB
®
 
simulation environments used in each stage of the simulation in each chapter. 
Part A: The Content-Aware and Energy-Efficient Resource Allocation 
Scheme (CaERAS) 
The simulated system model of 4 users receiving video contents in unicast mode was coded in a 
MATLAB
®
 script. The inputs to this script were the channel parameters (see Table  3-1 on page 
46, and Table  3-3 on page 69), channel state information (see equation ( 3.2) on page 48), and the 
required power for each modulation when the gain is unity (see equation ( 3.3) on page 50). This is 
followed by coding the three stages of the Genetic Algorithm (GA) according to the parameter 
values specified in Table  3-4 (page 70). 
Generation of Channel State Information (CSI) 
A 3-dimensional matrix was produced to be used in all simulations in order to maintain 
consistency of the CSI throughout all simulated users and scenarios. The matrix contained a 100 
CSIs generated for 4 users over 32 subcarriers. 
The Genetic Algorithm (GA) 
The input parameters to the GA are those presented in Table  3-4 (page 70). The GA was divided 
into the following coded sections: 
 GA setup. 
 Stopping criteria. 
 Initialising GA parameters. 
 Creating the initial population. 
 Iterating through generations. 
 Pairing and mating. 
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 Performing mating using single point crossover. 
 Mutating the population. 
 Re-evaluating the population for cost. 
 Sorting the costs and associated parameters. 
Power Allocation 
The greedy algorithm is used to evaluate the cost of each chromosome (solution) taken from the 
GA. This part of the code was written in C language and compiled as a MATLAB
®‟s mex 
function. The function inputs are: required bitrate, CSI, and power requirement for each 
modulation. The three stages of the greedy algorithm (see section  3.4.2 on page 55) were coded in 
C language. 
Quality Modelling 
The quality modelling in CaERAS has been explained in section  3.5.2 (page 60). For the 
encoder/decoder, the H.264/AVC JM Reference Software [152] was utilised with the input 
parameters presented in Table  3-2 (page 68). For generation of packet loss patterns, Gilbert-Elliot 
Model [153], [154] was coded in MATLAB
®
 for both the random and the bursty patterns. For 
measuring VQM (QoE), a MATLAB
®
 version of the Video Quality Metric (CVQM) Software 
[155] was used. 
Part B: The QoE Prediction System 
The simulated QoE prediction system consists of three elements mainly. These are video coding, 
wireless error generation, and defuzzification in the Fuzzy Inference System. 
Video coding was performed using the H.264/AVC JM Reference Software [152] with the input 
parameters presented in Table  4-2 (page 91). A MATLAB® coded Gilbert-Elliot Model [153], 
[154] was also used for generation of bursty and random packet loss patterns. The MATLAB
®
 
version of CVQM was used as well for QoE measurement. 
The FIS simulation scenario was implemented using MATLAB
®„s Fuzzy Logic Design Toolbox 
[189]. A screenshot of the designed FIS is shown in Figure A-1. The extracted fuzzy rules are 
entered in the Rule Editor presented in Figure A-2. Whereas the Membership Function Editor in 
Figure A-3 shows one input membership function (QP) and the output membership function 
(QoE). 
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Figure A-1: Screenshot of the designed FIS within the simulation tool 
 
 
Figure A-2: Screenshot of the Rule Editor 
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(a) Membership function of input QP 
 
(a) Membership function of output QoE 
Figure A-3: Screenshot of the Membership Function Editor 
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Appendix B: Video Bitrate for Simulated QPs 
Based on the QP sizes simulated (as given in Table  4-3, page 92) the bitrate of each video as 
required by the encoder is shown in Table B-1. 
Table B-1: Video bitrate (in Kbps) for each QP size tested 
Video 
Spatial 
Res. 
Colour/ 
Depth 
Video Bitrate (Kbps) 
QP 16 QP 24 QP 32 QP 40 QP 48 
Music SD Colour 59,917.784 4,291.528 1,336.936 428.496 130.104 
Depth 6,840.248 2,342.096 741.952 208.056 62.728 
qHD Colour 61,329.152 3,598.712 1,175.376 389.688 120.84 
Depth 8,387.736 2,615.816 849.856 239.528 72.744 
HD Colour 175,215.104 6,479.712 1,945.848 668.84 225.504 
Depth 13,280.984 4,520.168 1,424.912 408.016 118.176 
Poker SD Colour 33,509.384 8,777.024 2,573.752 762.328 240.072 
Depth 14,116.232 4,745.68 1,741.064 660.816 254.88 
qHD Colour 48,359.48 12,905.56 3,543.864 1,022.448 304.344 
Depth 18,316.552 6,170.248 2,435.84 994.368 404.68 
HD Colour 105,273.848 23,713.528 5,958.456 1,778.016 600.208 
Depth 28,196.128 9,709.08 3,711.304 1,511.744 630.592 
BMX SD Colour 56,070.536 16,736.528 4,942.056 1,907.44 934.032 
Depth 5,617.552 2,087.528 960.904 463.664 189.2 
qHD Colour 60,987.44 16,398.792 5,062.864 2,034.92 1,034.104 
Depth 6,482.448 2,144.352 1,019.952 494.976 190.488 
HD Colour 122,425.528 28,087.216 8,013.544 3,325.208 1,727.888 
Depth 9,689.576 3,541.128 1,602.12 789.096 319.44 
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Appendix C: Selected Test Conditions for 
Subjective Testing 
A number of test conditions were selected based on the Kennard and Stone algorithm [179] in the 
subjective testing of the QoE prediction work. These test conditions are shown in Table C-1, 
Table C-2, and Table C-3 for each of the video sequences. 
Table C-1: Test conditions selected for video Music HD 
Video Test Condition QP PLR (%) MBL 
Music 
 
(HD) 
1 16 0 0 
2 16 2.5 5.0 
3 16 7.5 2.5 
4 24 0 0 
5 24 1.0 2.5 
6 24 2.5 2.5 
7 24 2.5 5.0 
8 24 7.5 2.5 
9 32 0.1 1.0 
10 32 1.0 5.0 
11 32 10.0 7.5 
12 32 2.5 5.0 
13 32 2.5 7.5 
14 40 0.1 5.0 
15 40 1.0 2.5 
16 40 10.0 7.5 
17 40 2.5 5.0 
18 40 2.5 7.5 
19 40 7.5 7.5 
20 48 0.1 5.0 
 
Appendix C: Selected Test Conditions for Subjective Testing 
 
159 
Table C-2: Test conditions selected for video Poker HD 
Video Test Condition QP PLR (%) MBL 
Poker 
 
(HD) 
1 16 0 0 
2 16 1.0 7.5 
3 16 10.0 7.5 
4 24 0 0 
5 24 0.1 2.5 
6 24 1.0 2.5 
7 24 2.5 2.5 
8 24 2.5 7.5 
9 24 7.5 1.0 
10 32 0.1 1.0 
11 32 10.0 1.0 
12 32 2.5 1.0 
13 32 5.0 5.0 
14 40 1.0 1.0 
15 40 1.0 7.5 
16 40 10.0 7.5 
17 40 5.0 7.5 
18 48 1.0 2.5 
19 48 7.5 5.0 
20 48 7.5 7.5 
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Table C-3: Test conditions selected for video BMX HD 
Video Test Condition QP PLR (%) MBL 
BMX 
 
(HD) 
1 16 0 0 
2 16 0.1 1.0 
3 16 1.0 2.5 
4 16 2.5 1.0 
5 24 0.1 7.5 
6 24 1.0 5.0 
7 24 2.5 2.5 
8 24 5.0 1.0 
9 32 0 0 
10 32 0.1 7.5 
11 32 2.5 1.0 
12 32 5.0 5.0 
13 32 7.5 1.0 
14 40 0 0 
15 40 0.1 1.0 
16 40 2.5 1.0 
17 40 2.5 7.5 
18 48 2.5 1.0 
19 48 7.5 2.5 
20 48 7.5 5.0 
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Appendix D: User Opinion Scoring Screen in 
Subjective Testing 
In subjective testing, as users watch the video sequences, they record their opinion of the quality 
on a secondary screen. Figure D-1 shows a screenshot of the secondary scoring screen. 
 
Figure D-1:‎Screenshot‎of‎user’s‎subjective‎scoring‎panel 
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Appendix E: Statistical Performance Metrics 
Two statistical metrics were used in this thesis to measure the performance of the tested systems. 
Pearson Correlation Coefficient, r, its squared factor, R
2
, and the Root Mean Squared Error 
(RMSE). A brief background is provided to the reader about these metrics in this appendix. 
Part A: Pearson Correlation Coefficient (r) 
PCC reveals whether or not a linear relationship exists between two variables. Furthermore, it 
indicates the direction and the strength of this relationship. In other words, it measures the 
similarity between two data measures. This is obtained by dividing the covariance of the two 
variables by the product of their standard deviations. Hence, for two given data series {xi} and 
{yi} having n observations each, PCC is calculated by: 
  
∑ (    ̅)  (    ̅)
 
   
√∑ (    ̅)
  ∑ (    ̅)
  
   
 
   
 (E.1) 
 ̅ and  ̅ are the mean of {xi} and {yi} respectively, and       . Accordingly, if    , then 
the two data series are perfectly linear (similar). If    , then they are not linear (not similar) at 
all. If     , then they are perfectly inverse to each other. Any values in between indicate the 
degree of linear relationship. 
The squared PCC, denoted R
2
, known as the coefficient of determination, indicates how much of 
the variance between the two variables is given by the linear fit. R
2
 is widely used in measuring 
the correlation of measured QoE and estimated QoE in multimedia communications studies. 
Part B: Root Mean Squared Error (RMSE) 
RMSE measures the individual differences (residuals) between two variables (data series). For 
example, values predicted and values measured in a model under study. RMSE aggregates these 
individual differences into a single measure. Hence, for two given data series {xi} and {yi} having 
n observations each, RMSE is calculated by: 
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     √
∑ (     )
  
   
 
 (E.2) 
The unit of RMSE is that of the data series. As a second performance measure in the QoE 
prediction model in this thesis, RMSE was used to measure the residuals between the predicted 
and the measured QoE. Hence, the unit of RMSE measured is a QoE unit on the MOS scale.  
 
 
 
 
 
 
 
 
 
 
 
 
